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Reliable prediction of climate change and its impact on and feedbacks from 
terrestrial carbon cycles requires realistic representation of physiological and ecological 
processes in coupled climate-carbon models. This is hampered by various deficiencies in 
model structures and parameters. The goal of my study is to improve model realism by 
incorporating latest advances of fundamental eco-physiological processes and further to 
use such improved models to investigate climate-carbon interactions at regional to global 
scales. I focus on the CO2 diffusion within leaves (a key plant physiological process) and 
large-scale disturbances (a fundamental ecological process) as extremely important but 
not yet in current models. 
The CO2 diffusion within plant leaves is characterized by mesophyll conductance 
(gm), which strongly influences photosynthesis. I developed a gm model by synthesizing 
new advances in plant-physiological studies and incorporated this model into the 
Community Land Model (CLM), a state-of-art climate-carbon model. I updated 
associated photosynthetic parameters based on a large dataset of leaf gas exchange 
measurements. Major findings are: (1) omission of gm underestimates the maximum 
carboxylation rate and distorts its relationships with other parameters, leading to an 
incomplete understanding of leaf-level photosynthesis machinery; (2) proper 
 viii
representation of gm is necessary for climate-carbon models to realistically predict carbon 
fluxes and their responsiveness to CO2 fertilization; (3) fine tuning of parameters may 
compensate for model structural errors in contemporary simulations but introduce large 
biases in future predictions. Further, I have corrected a numerical deficiency of CLM in 
its calculation of carbon/water fluxes, which otherwise can bias model simulations. 
Large-scale disturbances of terrestrial ecosystems strongly affect their carbon sink 
strength. To provide insights for modeling these processes, I used satellite products to 
examine the temporal-spatial patterns of greenness after a massive ice storm. I found that 
the greenness of impacted vegetation recovered rapidly, especially in lightly and severely 
impacted regions. The slowest rebound occurred over moderately impacted areas. This 
nonlinear pattern was caused by an integrated effect of natural regrowth and human 
interventions. 
My results demonstrate mechanisms by which terrestrial carbon sinks could be 
significantly affected and help determine how these sinks will behave and so affect future 
climate. 
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Chapter 1:  Introduction 
This dissertation aims to achieve better understanding of the coupling between 
terrestrial ecosystems and climate change and how human perturbation alters such 
coupling beyond fossil fuel emission. The major tool to advance this understanding is the 
state-of-art coupled climate-carbon cycle models, which are yet challenged by predictive 
uncertainty. As a modeler, I attempt to improve the biogeochemical realism of these 
models, focusing on fundamental processes, and so as to enhance the model predictability 
for the future fate of our climate system. My research work embodied in the chapters of 
this dissertation informs the principles that should be integrated into the studies of global 
environmental changes. 
1.1. MOTIVATION AND OBJECTIVES 
Climate warming is driven by increasing radiative forcing that arises primarily 
from rising concentrations of atmospheric greenhouse gases, especially CO2 (Dickinson 
2012; Denman et al. 2007). The atmospheric CO2 is increasing at a slower rate than total 
emissions from fossil fuels and land use changes, with only ~43% of annual emissions 
staying airborne on average in the last five decades and the rest consistently removed by 
natural carbon sink reservoirs: ocean and land (Keeling et al. 1996, 1995; Canadell et al. 
2007; Le Quéré et al. 2009). These carbon sinks alleviate the radiative warming. On the 
other hand, the strength of carbon sinks critically depend on climate, including long-term 
climate change (e.g., Nemani et al. 2003), climate variability such as ENSO (e.g., Le 
Quéré et al. 2010; Lintner 2002), climate extremes, e.g., heatwaves and droughts (e.g., 
Phillips et al. 2009; Ciais et al. 2005), and climate perturbation from volcanic eruption, 
e.g., Mt. Pinatubo (e.g., Angert et al. 2004; Gu et al. 2003a). So climate and carbon 
cycles strongly interact. 
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Coupled climate-carbon cycle models generally predict a diminishing capacity in 
the future of carbon uptake by both ocean and land, leading to a positive climate-carbon 
feedback (Friedlingstein et al. 2006; Fung et al. 2005; Cox et al. 2000). However, the 
extent to which carbon sink strength is predicted to change by the end of 21st century and 
the estimated magnitude of the climate-carbon feedback differ remarkably among 
models. Some studies have suggested that the decline of carbon uptake efficiency may be 
already underway in recent decades (Le Quéré et al. 2009; Canadell et al. 2007), because 
of negative responses of carbon cycle processes to climate change and variability, e.g., 
droughts (Zhao and Running 2010) and autumn warming (Piao et al. 2008). However, 
these reported declines were questioned (e.g., Sarmiento et al. 2010; Knorr 2009), and 
some other studies found increases of carbon uptake (e.g., Ballantyne et al. 2012), 
supported by the increasing carbon storage in the intact tropical forests across Amazon 
and Africa (Phillips et al. 2008; Lewis et al. 2009; Pan et al. 2011). These findings imply 
that changes in carbon sinks are highly uncertain, challenging the current predictability of 
future atmospheric CO2 and its induced warming. Therefore, it is critical to reduce the 
uncertainties. 
Land, or its terrestrial ecosystem, is a large carbon sink on Earth, which balances 
~30% of annual carbon emissions over a historical average (Canadell et al. 2007; Le 
Quéré et al. 2009). It absorbs carbon from the atmosphere through plant photosynthesis 
and stores in vegetation and soils. Land ecosystems also release carbon to the atmosphere 
primarily in the form of CO2 by soil (i.e., microbial activities) and plant respiration, and 
also by disturbance processes (e.g., deforestation and afforestation, fires, insect 
outbreaks). The net land-atmosphere exchanges of CO2, i.e., the differences of these 
counteracting processes, have been carbon sinks in the last 30 years (Denman et al. 
2007), largely a consequence of secondary forest regrowth, fire suppression, climate 
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changes, longer growing seasons, carbon and nitrogen fertilizations (Schimel et al. 2001). 
In addition, these factors are not independent but interact to influence carbon sink; for 
example, secondary forest regrowth can be stimulated by nitrogen fertilization (e.g., 
Yang et al. 2010), and growing season lengthens as a benefit from a warming climate. 
Land carbon sinks show large interannual variability, dominating the observed persistent 
year-to-year fluctuation of atmospheric growth rate of CO2 (Le Quéré et al. 2009). This 
variability is driven by climate variations in precipitation, surface temperature, and 
radiation (Sitch et al. 2010; Mercado et al. 2009). 
Unlike the well-constrained estimates of oceanic uptake (e.g., Sabine et al. 2004), 
quantification of land carbon sinks, however, remains quite uncertain (Denman et al. 
2007). In particular, regional partitioning of the global land sink is not very consistent: 
with some earlier studies largely attributing this sink to northern extratropical areas (e.g., 
Schimel et al. 2001), while others showing weaker northern but stronger tropical land 
uptake (e.g., Stephens et al. 2007). The longitudinal attribution of the northern land sinks 
among Europe, North America, and North Asia is even more uncertain (Denman et al. 
2007; Schimel et al. 2000). Uncertainty also remains as to the contributions from various 
mechanisms (e.g., CO2 fertilization, changing climate, nutrient limitation, or forest 
regrowth) that drive the land-atmosphere exchanges differentially at different time- and 
spatial scales (Schimel et al. 2000; Norby et al. 2005; Pacala et al. 2001; Zaehle and 
Dalmonech 2011; Luo et al. 2004; Bonan 2008a). Furthermore, human interventions 
exacerbate these existing uncertainties by modifying natural mechanisms, e.g., 
anthropogenic deposition of nitrogen fertilizer, tropospheric ozone pollution that inhibits 
photosynthesis, and aerosol emissions that may enhance CO2 uptake by cooling the 
climate and by inducing more diffuse radiation (Gu et al. 2003a; Angert et al. 2004). 
Thus, identifying mechanisms, both natural and human processes, that are responsible for 
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uncertainties in global and regional carbon budgets is critical not only for refining current 
knowledge in biogeochemical cycling of carbon but also for reliably predicting future 
climate and hence informing proper mitigation policies for climate changes. My 
dissertation research aims to disentangle some aspects of uncertainties involved in 
terrestrial carbon cycles with a human dimension, and to advance scientific understanding 
of climate-carbon interactions. 
1.2. COUPLED CLIMATE-CARBON MODELS 
A major tool to achieve my research goal is the state-of-art coupled climate-
carbon models, which explicitly integrate the biogeochemical carbon cycling and its 
feedbacks to climate change (Friedlingstein et al. 2006). These models have been 
intensively applied to simulate historical changes of carbon fluxes and storage (e.g., 
Cramer et al. 2001; Bonan and Levis 2010; Sitch et al. 2010). They have been evaluated 
against various data streams that are available in certain time frames, including satellite 
observations, eddy-covariance fluxes, and in-situ inventory measurements (e.g., 
Randerson et al. 2009; Luo et al. 3857; Piao et al. 2013; Mao et al. 2012; Keenan et al. 
2012a; Beer et al. 2010; Bonan et al. 2011, 2012, 2013). Overall they are capable of 
depicting how environment, e.g., temperature, moisture, and radiation, shapes ecosystem 
structures and functions, as were found from observations (e.g., Law et al. 2002; Nemani 
et al. 2003). Although current models have achieved first-order accuracy due to injection 
of constraining data streams, they still suffer major deficiencies for predicting future 
changes, such as in simulating certain variables (e.g., decomposition rate, Bonan et al. 
2013) and in achieving proper model sensitivity to environmental conditions (e.g., 
moisture and temperature, Piao et al. 2013). 
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Furthermore, models should be able to predict the future for other issues about 
which humans are more concerned yet observations are unavailable. Many attempts have 
been made to perform inter-comparisons of coupled climate-carbon models in their 
projections of the coming century (e.g., Friedlingstein et al. 2006; Sitch et al. 2010). The 
terrestrial carbon storage is generally modeled to increase with rising atmospheric CO2 by 
which plant photosynthesis and growth can be stimulated (a negative feedback), and to 
decrease with warming temperatures that can induce higher plant respiration and soil 
decomposition rate (a positive feedback, e.g., Friedlingstein et al. 2006). Collectively, the 
latter processes, i.e., the positive feedback, have generally dominated the modeled 
terrestrial carbon storage in the future (Friedlingstein et al. 2006). Nevertheless, the 
magnitude of both the positive and negative feedbacks as well as their resulting net 
effects differ remarkably among coupled climate-carbon models. The differences in the 
net feedback lead to a large spread of an additional 20 to 220 ppm in the predicted growth 
of atmospheric CO2 and an additional warming uncertainty between 0.1 and 1.5 ᴼC under 
the A2 emission scenario (Friedlingstein et al. 2006). These feedback factors, as 
estimated by models, strongly depend on the processes that are included in the model 
(Dickinson 2012), whose degree of realism in turn determines the magnitude of 
uncertainty. For example, more recent studies (Sokolov et al. 2008; Bonan and Levis 
2010; Zaehle et al. 2010b), with inclusion of nitrogen dynamics, found that nitrogen 
significantly constrains the stimulation of carbon uptake by CO2 fertilization (i.e., 
weakening of the negative feedback). They also showed that warming promotes nitrogen 
release from soils. The warming-induced nitrogen release partially alleviates nitrogen 
limitation and enhances plant growth, which hence compensates for the soil carbon loss 
under warmer temperature (i.e., weakening of the positive feedback). The joint effect of 
nitrogen cycling is a more positive climate-carbon feedback, since the latter process 
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shows a lesser impact (Bonan 2008a; Bonan and Levis 2010). Again, carbon-nitrogen 
interactions add new uncertainties, demonstrated by inconsistent estimates of future 
carbon storage by different modeling studies (Zaehle et al. 2010a; Thornton et al. 2009). 
Inclusion of other nutrient limitations such as phosphorus (e.g., Zhang et al. 2011; Wang 
et al. 2010) or ozone effects (e.g., Lombardozzi et al. 2012) may amplify or reduce model 
uncertainties, but such roles in modifying climate-carbon feedbacks have not been 
quantified yet. 
To reduce model uncertainties, considerable efforts have been made. For 
example, Xia et al. (2013) developed techniques to decompose the modeled terrestrial 
carbon storage term into traceable components so as to more objectively attribute 
uncertainty to different processes. Model-data fusion approaches (e.g., Wang et al. 2009; 
Keenan et al. 2012b), which are more commonly used to minimize uncertainties 
associated with both model and data, are plausible but provide limited information for 
future predictions. 
My philosophy to reduce the predictive uncertainty of models is to improve their 
realism in representing fundamental processes, such as those reviewed in section 1.1. 
This is because models should be capable of forecasting the future, which depends 
strongly on credibility of the model “process” description. 
Throughout this dissertation, my research works are heavily built upon models, 
since they are currently the best tools available to test scientific hypotheses, to pin down 
mechanisms, and finally to improve understanding of carbon-climate couplings and 
feedbacks at a continuum of spatial- and timescales. 
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1.3. RESEARCH FOCUSES 
A number of gaps remain between process-based studies and modeling 
community. In this dissertation, I focus on two principal pathways along which coupling 
between climate and carbon cycles can be better represented by models: plant 
physiological and ecological processes. This coupling is explored at spatial scales from 
plant cells, i.e., mesophyll diffusion process inside leaves (a critical physiological 
process), to large-scale disturbances (an important ecological phenomenon). These two 
processes are key aspects of terrestrial carbon cycles; yet their representations in models 
are either nonexistent or remain crude. 
1.3.1. The Mesophyll Diffusion Process inside Leaves 
My interest to study the mesophyll diffusion process of CO2 inside leaves comes 
from its strong constraints on leaf photosynthesis. During photosynthesis, CO2 moves 
from atmosphere to the leaf surface, and then diffuses to the leaf intercellular air space 
through stomata, and finally transfers to the site of caboxylation inside the leaf 
chloroplast through leaf mesophyll, i.e., mesophyll diffusion of CO2. The three processes 
jointly control the actual CO2 concentration available for carbon assimilation. They are 
characterized with leaf boundary layer conductance, stomatal conductance, and 
mesophyll conductance (or referred to as internal conductance) for CO2 transfer. The first 
two conductance terms have been represented in large-scale models for a long time. 
Mesophyll conductance, however, has yet to be accounted for in these models. 
Plant physiologists have long recognized that the mesophyll CO2 transfer is an 
important process limiting photosynthesis (e.g., Harley et al. 1992; Niinemets et al. 
2009a; von Caemmerer and Evans 2010) and consistently suggested that this process 
should be accounted for in global change studies (e.g., Niinemets et al. 2011). Mesophyll 
conductance has been measured around the world for hundreds of species. A consistent 
 8
finding is that it is sufficiently small to substantially decrease CO2 concentrations at the 
sites of carboxylation, hence limiting photosynthesis comparable in magnitude to that of 
stomatal conductance. The reduction of photosynthesis caused by this limitation can be 
up to 25% for crop species and up to 75% for natural vegetation (e.g., Terashima et al. 
2006). Studies have also shown that mesophyll conductance is a major contributor to 
photosynthesis reduction under water stress, perhaps more profound than the limitation of 
stomata and biochemical capacity (Keenan et al. 2010a; Egea et al. 2011). Niinemets et 
al. (2011) highlighted the role of mesophyll conductance in regulating photosynthesis 
capability under elevated CO2. 
A limited number of canopy-level models have considered mesophyll 
conductance (Williams et al. 1996; Le Roux et al. 2001; Cai et al. 2008; Keenan et al. 
2010a; Egea et al. 2011; Oliver et al. 2012), providing local-scale insights concerning its 
effect on ecosystem functioning. However, to my knowledge, no attempt has been made 
to represent mesophyll conductance for large-scale simulations. By omitting 
representation of this diffusion process, modelers implicitly assume that mesophyll 
conductance is infinite and thus the CO2 concentration at the site of carboxylation in the 
leaf chloroplasts is the same as it is inside the leaf intercellular air space. This assumption 
is clearly invalid according to the findings from physiological studies. 
My overall strategy is to develop a modeling framework of mesophyll 
conductance that can be broadly applied to global biomes, and by implementing this 
framework into carbon models to address its global and regional impact on carbon cycles. 
1.3.2. Large-Scale Disturbances 
My impetus to study disturbances emerges because of their disproportional role in 
shaping ecosystem structures and functioning (e.g., Gutschick and BassiriRad 2003; 
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Amiro et al. 2010). Disturbances are irregularly occurring damage to ecosystems, driven 
by temporal shifts of external forcings both naturally or human-induced (Gutschick and 
BassiriRad 2003). Disturbances can trigger large transfers of carbon from living biomass 
to dead organic matter and subsequent decomposition, causing dramatic and sudden shifts 
of sizes of and fluxes between various carbon pools (Girardin et al. 2009). They are 
distinguished from the influence of “mean climate” on ecosystems due to their 
disproportional impacts and persistent “post-effects” (Gutschick and BassiriRad 2003), 
and consequently pose a high risk to terrestrial carbon sinks. A number of observational 
records are available in the current literatures, reporting the powerful ecological, 
biogeochemical and biophysical influences of fires (e.g., Randerson et al. 2006; Page et 
al. 2009), insect outbreaks (e.g., Kurz et al. 2008), hurricanes (e.g., Chambers et al. 2007; 
Zeng et al. 2009), unseasonable freezes (e.g., Gu et al. 2008), massive ice storms (e.g., 
Millward and Kraft 2004; Zhou et al. 2011a), droughts (e.g., Allen and Breshears 1998; 
McDowell et al. 2008; Phillips et al. 2009), and heat waves (e.g., Ciais et al. 2005). 
There is a growing awareness that climate change can stimulate an upward trend 
of occurrences and intensities of extreme climate events (e.g., Girardin et al. 2009; Meehl 
et al. 2007) that in turn can trigger disturbances. Therefore, their impacts and feedbacks 
must be studied as an integral part of climate-carbon interactions because such events, 
once having occurred, may be the primary driver of the transformation of ecosystem 
structures and functions and alteration of terrestrial carbon cycle feedbacks to climate 
change, overwhelming the role of mean climatic variables, which are commonly used for 
predictions (Gutschick and BassiriRad 2003). There is a growing investigation of impacts 
and ecological feedbacks of disturbances in the context of climate change (e.g., 
Gutschick and BassiriRad 2003; Jentsch et al. 2007; Gu et al. 2008; Running 2008). 
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The role of disturbances on short and long-term carbon dynamics in terrestrial 
ecosystems has been identified as one of the critical uncertainties. However, their 
influence is not adequately represented in the current climate-carbon cycle models 
(Girardin et al. 2009; Running 2008). This study attempts to better represent the forcing 
and feedbacks of disturbances on terrestrial carbon cycle in current models, and to better 
quantify the exchange of CO2 between ecosystems and atmosphere. 
1.4. ORGANIZATION OF THE DISSERTATION 
The studies on mesophyll conductance involve development of a modeling 
framework that can be widely applied to global biomes, implementation of developed 
representation to global models, and recalibration of photosynthetic parameters that 
coincide with inclusion of mesophyll conductance. This dissertation starts from a leaf-
level investigation by a comprehensive meta-analysis of how mesophyll conductance (gm) 
shapes the values of photosynthetic parameters and functional relationships among them 
(Chapter 2). This study paves the ways for a full implementation of gm model in global 
carbon models. Chapter 3 develops a global gm model based on synthesizing the latest 
advances of field plant physiological studies. This gm model is further implemented to the 
Community Land Model (CLM), one of the state-of-art climate models that include 
terrestrial carbon cycles, to simulate its effect on global vegetation productivity, i.e., 
GPP. Chapter 4 extends the studies of mesophyll conductance to its role on GPP 
responsiveness to historical CO2 changes. Implications for terrestrial carbon uptake 
strength in the future are also discussed. Chapter 5 addresses a numerical issue of CLM in 
its calculation of photosynthesis, which was accidentally found during the gm 
implementation. The consequence of this numerical deficiency is provided. With intent to 
represent large-scale disturbances in carbon models, I develop a unified theoretical 
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framework to quantify their short- to long-term impact on terrestrial ecosystems. A case 
study, i.e., the massive 2008 Chinese ice storm, is applied to verify its effectiveness by 
synthesizing satellite observation and ground measurements (Chapter 6). The post-
disturbance evolution of impacted ecosystems is fully evaluated with integrated natural 
and anthropogenic perspectives. Finally, major findings in all the research presented are 
summarized and future directions as well as implications for model development and 
predictability are discussed (Chapter 7). 
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Chapter 2:  Differential effects of mesophyll conductance on 
fundamental photosynthetic parameters and their relationships 
estimated from leaf gas exchange measurements 
2.1. ABSTRACT 
Systematic studies are needed to fully understand how mesophyll conductance 
(gm) affects photosynthetic parameters and their relationships estimated from A/Ci curves. 
We analyzed worldwide measurements of over 100 C3 species covering all major plant 
functional types from herbaceous temperate plants to woody tropical species with growth 
environments ranging from greenhouse to natural vegetation. Furthermore, extensive 
model simulations were conducted to corroborate findings from measurement analyses. 
We found the assumption of infinite gm results in up to a 75% underestimation for 
maximum carboxylation rate Vcmax, 60% for maximum electron transport rate Jmax, and 
40% for triose phosphate utilization rate Tu. Vcmax is most sensitive, Jmax is less sensitive, 
and Tu has the least sensitivity to the variation of gm. As a consequence of the differential 
effects of gm, the ratios of Jmax to Vcmax, Tu to Vcmax, and Tu to Jmax are all overestimated 
under the infinite gm assumption. Also, this assumption limits the freedom of variation of 
estimated parameters and artificially constrains parameter relationships to stronger 
shapes. A nonlinear function can be used to convert the parameters estimated under the 
infinite gm assumption to proper values if an estimated gm is available, which is very 
useful for large-scale carbon cycle modeling. 
2.2. INTRODUCTION 
Leaf gas exchange measurements that relate CO2 assimilation (A) to changes of 
CO2 partial pressure in leaf substomatal cavity (Ci), i.e., the so-called A/Ci curves, 
provide crucial information on photosynthetic processes (Wullschleger 1993; Long et al. 
 13
1996; Long and Bernacchi 2003; von Caemmerer 2000). Key biochemical parameters of 
photosynthesis can be estimated by fitting to A/Ci curves the mechanistic Farquhar-von 
Caemmerer-Berry (FvCB) model (Farquhar et al. 1980; Farquhar and von Caemmerer 
1982) as modified by Sharkey (1985) and by von Caemmerer (2000). Parameter 
estimation approaches with the FvCB model have been discussed previously (Dubois et 
al. 2007; Ethier et al. 2006; Gu et al. 2010; Manter and Kerrigan 2004; Miao et al. 2009; 
Sharkey et al. 2007; Yin et al. 2009). The estimated parameters are then related to 
physiological or environmental variables such as leaf morphology and nutrient contents, 
canopy environmental gradients, and soil conditions to characterize the underlying eco-
physiological processes (Ellsworth et al. 2004; Hikosaka 2005; Niinemets et al. 2001; 
Warren et al. 2003; Busch et al. 2013; Onoda et al. 2005a,b). They are also employed in 
ecosystem and land surface models to simulate responses of terrestrial carbon and water 
cycles to environmental variations at various spatial and temporal scales (Kattge et al. 
2009; Bonan et al. 2011). 
The theoretical framework of the FvCB model requires the CO2 partial pressure at 
the carboxylation site, i.e., the chloroplast (Cc), not Ci (Niinemets et al. 2009a). Most 
previous studies, however, have ignored the internal diffusion process of CO2 from leaf 
substomatal cavity to chloroplast and applied the FvCB model directly to Ci, a practice 
that compromises the theoretical integrity of the FvCB model. The integrity of the model 
can be maintained if it is extended to explicitly consider this internal diffusion process 
from leaf substomatal cavity to chloroplast, which can be characterized by a parameter 
referred to as mesophyll conductance (gm) (Ethier and Livingston 2004; Gu et al. 2010; 
Niinemets et al. 2009a). The extended FvCB model can then be fitted to the A/Ci curves 
to estimate biochemical parameters, together with gm. In this way, Cc, instead of Ci, is 
directly applied to the FvCB model, as if the A/Cc curves were being fitted, and the 
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parameters obtained can be appropriately termed A/Cc -based parameters to differentiate 
them from the conventional A/Ci -based parameters. 
The mesophyll conductance gm controls the CO2 drawdown from Ci to Cc (Evans 
et al. 1986; Niinemets et al. 2009a,b). This drawdown vanishes only if gm is infinitely 
large. However, plant species have a finite value of gm, which can significantly affect 
photosynthetic rates (Evans et al. 1986; Ethier and Livingston 2004; Ethier et al. 2006; 
Flexas et al. 2008; Niinemets et al. 2009b; Warren 2008). Without explicitly considering 
gm, the A/Ci-based estimates of key biochemical parameters as well as the relationships 
among them may be biased (Niinemets et al. 2009a,b,c). Furthermore, the use of biased 
A/Ci-based values of these parameters to predict photosynthesis under field conditions 
may either overestimate or underestimate actual photosynthesis, depending on the 
magnitude of gm and environmental stresses (Niinemets et al. 2009a,b,c). 
A vast amount of A/Ci curves have already been analyzed without explicit 
consideration of gm. Photosynthetic parameters derived from such analyses have been 
widely used in process-based studies of plant physiology, ecology, and global change 
biology as well as in local, regional and global modeling research. Evaluation of the 
reliability of these studies requires a clear understanding of the effects of gm on 
photosynthetic parameter estimation. Previously-published papers that included raw A/Ci 
data would allow a refitting to estimate the A/Cc-based parameters with explicit 
consideration of gm using approaches such as that of Gu et al. (2010). Unfortunately, the 
large majority of the past papers did not include raw data, making refitting unfeasible. A 
systematic and quantitative understanding of how gm affects the values of key 
photosynthetic parameters as well as the functional relationships among them is needed 
in order to make better use of the rich resources represented in the past literature of A/Ci 
curve analyses. 
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Mesophyll conductance gm varies widely across leaf traits and plant functional 
types (Flexas et al. 2008; Niinemets et al. 2009b; Syvertsen et al. 1995), light gradients 
inside plant canopies (Hanba et al. 2002; Piel et al. 2002; Laisk et al. 2005; Terashima et 
al. 2006; Warren et al. 2007; Montpied et al. 2009; Han et al. 2010), and with 
environmental stress factors (Chazen and Neumann 1994; Miyazawa et al. 2008). For a 
small set of samples with very limited variations in gm and photosynthetic capacities, a 
simple linear relationship may be used to convert the biased A/Ci-based parameters to the 
corresponding unbiased A/Cc-based parameters (Zeng et al. 2010). But it is unlikely that a 
universal correction factor exists across species and environmental gradients given the 
large variations of gm (Niinemets et al. 2009b). Schemes that can achieve this conversion 
will at least have to use gm as input. Such schemes will be very useful in facilitating the 
transition from A/Ci-based to A/Cc-based parameter estimation and in large-scale 
terrestrial carbon cycle modeling. 
This study presents a systematic evaluation of the effects of gm on the values and 
relationships of photosynthetic parameters Vcmax (the maximum carboxylation rate), Jmax 
(the maximum electron transport rate) and Tu (the triose phosphate utilization rate) 
estimated through A/Ci analyses. An emphasis is placed on the functional relationships 
among these parameters because accurate quantification of these relationships will 
improve the understanding of the photosynthetic machinery at leaf scale. We are also 
interested in developing practical solutions for large-scale carbon cycle models should 
such models enable representation of gm. We build upon past insightful work by Ethier 
and Livingston (2004), Ethier et al. (2006), Evans et al. (1986), Niinemets et al. 
(2009a,b,c), and Warren (2008), among others, to highlight the importance of gm in the 
study of photosynthesis from leaf to canopy. We use worldwide measurements of leaf gas 
exchange of more than 100 species from all major plant functional types and climates to 
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identify general patterns. The data collection was made possible by a free web-based tool 
(http://leafweb.ornl.gov/), which conducts automated A/Ci and A/Cc curve analyses and 
also provides an estimate of gm. The findings from these field measurements are further 
corroborated with analyses based on systematically simulated A/Ci curves (see the 2.3 for 
details). The following specific questions are addressed in this study: 
1. For a given value of gm, how do the ‘apparent’, i.e., A/Ci –based Vcmax, Jmax and Tu 
parameters (denoted as Vcmax,i, Jmax,i and Tu,i, respectively), vary with the ‘true’, 
i.e., A/Cc – based Vcmax, Jmax and Tu parameters (denoted as Vcmax,c, Jmax,c and Tu,c, 
respectively)? 
2. Are different A/Ci –based parameters equally sensitive to the variation of gm? 
3. For a given set of the A/Cc–based parameters, how do the A/Ci –based parameters 
vary with gm? 
4. How do the relationships among Vcmax,c, Jmax,c and Tu,c differ from those among 
Vcmax,i, Jmax,i and Tu,i? 
5. Is there a mathematical function that can be used to accurately convert the A/Ci –
based parameters to the A/Cc –based parameters for a wide range of 
photosynthetic capacities, gm values, and environmental factors? 
2.3. METHODS 
Both actual and simulated A/Ci curves are used in this study. The simulated A/Ci 
curves, although artificial, allow the true values of parameters of interest to be controlled 
and thus make it possible to answer some questions with absolute certainty (e.g., for a 
given value of the true, A/Cc – based parameter, how does the apparent, A/Ci –based 
parameter vary with gm?). The analysis of the simulated A/Ci curves also provides an 
independent check on findings obtained from actual A/Ci curves. Both the actual and 
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simulated A/Ci curves are analyzed with and without explicit consideration of gm. The 
obtained parameters are then compared (see Section 2.4). 
The term mesophyll conductance as used in this study is defined technically as the 
ratio of net photosynthetic rate (Anet) to the difference between Ci and Cc, that is, gm = 
Anet/(Ci – Cc), consistent with Fick’s law of diffusion and definitions of other conductance 
terms such as stomatal and boundary-layer conductance. The same phrase has also been 
used to describe the initial slope of A/Ci curves in some previous papers (e.g., Sinclair et 
al. 1977) as well as in current manuals of some instruments of leaf gas exchange 
measurements (e.g. http://www.licor.com/env/products/photosynthesis/manuals.html, LI-
6400/LI-6400XT Instruction Manual, Version 6). These two uses of the term mesophyll 
conductance would become identical only if Cc equals zero, which is unlikely to be true 
as it would imply a zero carboxylation rate for changing Ci. To avoid confusion, we 
suggest that the concept of mesophyll conductance be used exclusively in the framework 
of Fick’s law of diffusion. 
2.3.1. A/Ci Curve Measurements 
The measurements of A/Ci curves used in this study were made on over 100 C3 
plant species in Brazil, China, France, Ireland, Panama, and USA. In total, more than 
1000 measured curves were actually used in the analysis. Although LeafWeb had 
accumulated more curves, we excluded those that did not yield adequate fitting. The 
standards used to select measured curves were detailed in Gu et al. (2010) and briefly 
described later in the A/Ci curve fitting subsection. The Table 2.1 lists the species and 
their locations. The functional types of these species cover grasses, herbs, crops, shrubs, 
and trees (deciduous and evergreen broadleaf and conifers). They came from diverse 
growth environments, including greenhouses (seed germinations or root cuttings), 
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plantations, and natural vegetation. The climates ranged from temperate to tropical. Both 
juvenile and adult individuals were used in the study. The species were either native to 
their local environments or introduced. All A/Ci curves were measured with Li-6400 
portable photosynthetic systems (LiCor Environmental Sciences, Lincoln, Nebraska, 
USA). Measurements used the instrument manual instructions as reference and generally 
followed standard protocols recommended in the literature (Long et al. 1996; Long and 
Bernacchi 2003). Targeted light response curves were used to ensure that light intensities 
were set at saturating levels appropriate to species and their growth environments. Leaf 
temperatures were controlled according to ambient air temperatures and relative 
humidities were set generally between 55% and 75%. Flow rates were mostly between 
300 to 500 mol/s. CO2 injectors were used to control reference CO2 in typical sequences 
starting from a value close to ambient (e.g., 400 ppm), decreasing to a minimum value 
(e.g., 50 ppm), returning to the starting value (as a check point), and then increasing to a 
maximum value (e.g., 1500 ppm). The reference and sample chambers were matched 
manually or automatically as needed. Ample times were allowed for leaves to adapt to 
chamber environment and to changes in CO2 concentrations. For coniferous species, 
variables and parameters were based on projected leaf areas. Quality controls of 
measured A/Ci curves are described later in the A/Ci curve fitting subsection. 
2.3.2. A/Ci Curve Simulations 
The simulated A/Ci curves were generated with the FvCB model extended with 
the gm representation. The extended FvCB model was fully described by Gu et al. (2010) 
and will not be repeated here. The simulation procedures were adapted from Gu et al. 
(2010). The values of key photosynthetic parameters and sampling points were all 
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selected randomly except for certain constraints that were set to either satisfy the 
conditions required by the FvCB model or to answer particular questions. 
More specifically, each simulated A/Ci curve contained 15 points and each point 
in a curve was limited either by Rubisco, or by RuBP regeneration, or by the triose 
phosphate utilization. For a curve to be valid, all three limitation states must occur in the 
same curve in an orderly fashion with at least 3 points for Rubisco, 3 points for RuBP 
regeneration, 2 points for TPU. The minimum number requirements for limitation states 
depend on the number of state-specific parameters and are consistent with the analyses of 
measured A/Ci curves (Gu et al. 2010). They ensure that no over-fitting occurs and the 
actual parameters used in generating the A/Ci curves can be properly retrieved during the 
curve fitting with explicit consideration of mesophyll conductance. The FvCB model 
expects that the Rubisco-, RuBP-, and TPU- limited points occupy the low, intermediate, 
and high ranges of CO2, respectively, along the Ci (Cc) axis. Gu et al. (2010) gave a 
detailed proof for this pattern. The Ci values of the 15 points of a simulated A/Ci curve 
were, respectively, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 70, 80, and 90 Pa, all 
multiplied by a factor that randomly varied between 0.5 to 1.5. This scheme of generating 
Ci values was designed such that the obtained 15 Ci values were distributed realistically 
along the Ci axis. The randomness ensures that the Ci values varied from curve to curve. 
We experimented with different sequences of Ci values and did not find any qualitative 
difference in terms of the final results reported in this study, indicating the random 
process is adequate in generating representative Ci values for simulated A/Ci curves. 
Different A/Ci curves were simulated by varying the values of Vcmax,c, Jmax,c, Tu,c, 
gm and the day respiration Rd. These parameters were varied either systematically or 
randomly, depending on what specific questions were addressed. Note that an A/Ci curve 
cannot be produced by any arbitrary combination of Vcmax,c, Jmax,c, and Tu,c. Gu et al. 
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(2010) proved that the FvCB formulation of photosynthesis requires the following 
inequality to hold for all three limitation states to occur in the same A/Ci curve: 
4Vcmax,c > J > 12Tu,c.                          (2.1) 
Here J is the actual electron transport rate and is a function of Jmax,c and the 
incident light level on the leaf. The inequality in Equation 2.1 is a necessary condition for 
the orderly occurrence of the three limitation states along the Ci axis of an A/Ci curve. 
Thus, we imposed this condition when the parameter sets were selected. 
To determine how Vcmax,i changes with Vcmax,c for a given gm, or with gm for a 
given Vcmax,c, Vcmax,c and gm were varied in prescribed intervals with nested loops (the 
variation in one parameter occurs within the variation of the other) while the values of 
Jmax,c and Tu,c were randomly generated. If the randomly generated values of Jmax,c and 
Tu,c did not satisfy the inequality Equation 2.1 or if the minimum number requirements 
for Rubisco-, RuBP regeneration- and TPU-limited states were not met, these values were 
discarded and new values of Jmax,c and Tu,c were randomly generated (but the same Vcmax,c 
and gm values were kept). To determine how Jmax,i changes with Jmax,c for a given gm, or 
with gm for a given Jmax,c, Jmax,c and gm were varied in prescribed intervals with nested 
loops while Vcmax,c and Tu,c were varied randomly. If the randomly generated values of 
Vcmax,c and Tu,c did not satisfy the inequality in Equation 2.1 or if the minimum number 
requirements were not met, these values were discarded and new values of Vcmax,c and Tu,c 
were randomly generated (but the same Jmax,c and gm values were kept). A similar scheme 
was used to generate A/Ci curves for determining how Tu,i changes with Tu,c for a given 
gm, or with gm for a given Tu,c. An additional 5000 A/Ci curves were simulated by varying 
all parameters randomly to increase the variability of parameter values of the simulated 
A/Ci curves for parameter relationship analyses. During all these simulations, light was 
set at 1000 mol/m2/s (a typical value in A/Ci curve measurements), Rd at 0.015  Vcmax,c 
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(e.g., Bonan et al. 2011; Niinemets et al. 1998) and leaf temperature at 25oC. The 
Rubisco kinetic constants and the CO2 compensation point were fixed for all simulated 
A/Ci curves at the values given in Table 1 of Sharkey et al. (2007). 
2.3.3. A/Ci Curve Fitting 
The measured and simulated A/Ci curves were analyzed with the approach of Gu 
et al. (2010) which is the same as that used in LeafWeb. In Gu et al.'s (2010) approach, 
each point of a given A/Ci curve can be in either Rubisco-, RuBP regeneration-, or TPU- 
limited states. The fitting procedures start by enumerating all possible combinations of 
limitation states occupied by the points of the curve. This strategy avoids the need to 
arbitrarily assign transitional thresholds for limitation states. The total number of possible 
combinations is reduced if one considers that instead of occurring in a random sequence, 
the three limitation states must follow certain pattern along the Ci (Cc) axis in order to be 
consistent with the FvCB model, i.e. the Ci (Cc) values for the Rubisco-limited state 
should be smaller than those of the RuBP regeneration-limited state, which in turn should 
be smaller than for the TPU-limited points. Each combination is then fit separately with 
the limitation state of each point fixed to ensure a smooth cost function for the change-
point FvCB model. During this process, the so-called inadmissible fits are detected and 
corrected via a penalization strategy. Inadmissible fits are those which have such 
‘optimally’ estimated parameters that the limitation states of points of the curve 
calculated with them do not agree with the limitation state distribution originally assigned 
to the combination. The disagreement arises because the FvCB model is a change-point 
model. Inadmissible fits should also occur in traditionally used A/Ci curve fitting 
methods, but had not been reported in the literature until Gu et al. (2010). Once all 
possible combinations of the limitation states are fitted, the combination that yields the 
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smallest residual least square is selected. Gu et al. (2010) demonstrated that this approach 
can retrieve the A/Cc-based parameters used in simulating A/Ci curves while other 
approaches may fail. 
The reliability of estimates of parameters ultimately depends on the quality of 
A/Ci curve measurements. Gu et al. (2010) made specific suggestions on how to make 
leaf gas exchange measurements that are informative for parameter estimation. They also 
suggested that the first and second derivatives of the cost function with respect to a 
parameter of interest should be used to identify fittings that have not been adequately 
constrained by measurements (inadequately constrained fittings have non-zero first or 
near-zero second derivatives). This additional step is necessary because the FvCB model 
can be fitted to the measurements with perfect precision, despite producing estimated 
values of the parameters that are not biologically meaningful. This can happen when one 
tries to estimate too many parameters or when the A/Ci relationships lack adequate 
numbers of data points in the curvature section. Details about how to identify inadequate 
fittings and over-fittings are described by Gu et al. (2010). 
The fitting procedures described above are applied twice for each curve. In the 
first fitting, gm is assumed infinite and the A/Ci -based parameters are estimated; in the 
second fitting, gm is estimated together with other A/Cc -based parameters. The kinetic 
constants and coefficients in the temperature response functions, which are taken from 
Table 1 of Sharkey et al. (2007), are kept the same for all fittings. Parameters are 
standardized to a reference temperature of 25oC. 
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2.4. RESULTS 
2.4.1. Results Based on Actual Leaf Gas Exchange Measurements 
Figures 2.1-2.3 present results on parameters inferred from measured A/Ci curves. 
Figure 2.1 shows the ratios of the estimated A/Ci-based to A/Cc-based parameters as a 
function of mesophyll conductance. The A/Ci -based parameters are smaller than the 
A/Cc-based values, indicating that omission of gm leads to underestimation of true 
parameters. The degree of underestimation depends on the magnitude of gm and can be up 
to 75, 60, and 40% for Vcmax, Jmax, and Tu, respectively. As mesophyll conductance 
increases, the two sets of parameters tend to converge. This consequence is expected 
because the A/Ci-based estimation assumes an infinite mesophyll conductance. It also 
appears that Vcmax,i (Figure 2.1a) is the most sensitive parameter to the variation of 
mesophyll conductance, while Jmax,i (Figure 2.1b) and Tu,i (Figure 2.1c) have the 
intermediate and lowest sensitivity, respectively. 
Due to variable parameter sensitivities to mesophyll conductance, the 
relationships among Vcmax,i, Jmax,i and Tu,i differ from those among Vcmax,c, Jmax,c and Tu,c. 
Figure 2.2 shows these functional relationships obtained from A/Ci-based (Figure 2.2a, c, 
e) and from A/Cc-based estimations (Figure 2.2b, d, f). The ratios of Jmax,i to Vcmax,i 
(1.6835), Tu,i to Vcmax,i (0.1246), and Tu,i to Jmax,i (0.0744) are all larger than their 
counterparts from the A/Cc -based parameters (Jmax,c / Vcmax,c = 1.1239, Tu,c / Vcmax,c = 
0.0775, and Tu,c / Jmax,c = 0.0697). Moreover, the relationships among the A/Ci-based 
parameters are tighter than those among the A/Cc-based parameters, as indicated by the 
corresponding R2 values. These results are important as they suggest that the actual 
coupling among the key parameters Vcmax, Jmax, and Tu of the photosynthetic machineries, 
which has been exploited widely both in experimental and modeling studies, may not be 
as strong as previously thought. 
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Among the three photosynthetic parameters, the relationship between Tu and Jmax 
is tighter than that between Jmax and Vcmax, which in turn is tighter than that between Tu 
and Vcmax. The same order of goodness-of-fit relationship is preserved regardless whether 
gm is assumed infinite (Figure 2.2a, c, e) or estimated explicitly (Figure 2.2b, d, f). 
Figures 2.1-2.2 indicate that a simple linear function is not adequate to convert the 
A/Ci-based parameters to the corresponding A/Cc-based values, confirming the suggestion 
by Niinemets et al. (2009b). To achieve more accurate conversion, we used a nonlinear 















exp .                     (2.2) 
In the above equation, (x, y) represents the pairs of (Vcmax,i, Vcmax,c), (Jmax,i, Jmax,c), 
and (Tu,i, Tu,c) and a, b, c, and d are empirical constants that differ among these pairs. The 
values of a, b, c, and d are given in Table 2.2. 
Figure 2.3 demonstrates that this nonlinear function performs well in quantifying 
the relationships between the apparent and corresponding true parameters. The 
performance benefits from an inherent feature of Equation 2.2 with respect to the effect 
of gm: when gm is infinitely large, the A/Ci –based parameters converge to the A/Cc-based 
parameters (x = y); when gm decreases and thus the diffusion of CO2 inside the leaf is 
retarded by greater resistance, the ratio of y/x increases, indicating the A/Ci –based 
parameters (x) increasingly underestimate the A/Cc –based parameters (y). In the 
following section, we demonstrate that these findings still hold for parameters obtained 
from simulated A/Ci curves. 
2.4.2. Results Based on Simulated A/Ci Curves 
Figure 2.4-2.6 show results obtained from simulated A/Ci curves. Figure 2.4 
examines the apparent, A/Ci-based parameters as functions of mesophyll conductance for 
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multiple fixed values of the true parameters (Figure 2.4a, c, e); also shown are the ratios 
of A/Ci-based parameters to true parameters (Figure 2.4b, d, f). In Figure 2.4, mesophyll 
conductance is shown up to 2 µmol m-2 s-1Pa-1 because this is the range with which most 
sensitive variations occur. The analysis of simulated A/Ci curves again shows that the 
apparent, A/Ci-based parameters generally underestimate the corresponding true values 
and the underestimation is more pronounced at lower gm values. These findings are 
consistent with results from measured A/Ci curves (comparing Figure 2.4b, d, f with 
Figure 2.1a, b, c). The simulated A/Ci curves provide several additional patterns that are 
difficult to obtain with measured A/Ci curves. First, for a given value of true parameter 
Vcmax,c, the A/Ci-based Vcmax,i initially increases with gm and asymptotically approaches its 
true value as gm increases (Figure 2.4a). Second, the covariation of Vcmax,i and gm (the 
slope of the Vcmax,i – gm curve for a given Vcmax,c) is steeper at lower gm values but 
becomes flat as gm increases (Figure 2.4a). Third, the magnitude of the true parameter 
Vcmax,c affects the relationship between gm and the apparent, A/Ci-based Vcmax,i, with a 
larger Vcmax,c resulting in a greater deviation of Vcmax,i /Vcmax,c ratio from unity (Figure 
2.4b), suggesting that the assumption of an infinite gm disproportionately biases the 
estimation of plants with high photosynthetic capacities. 
Similar characteristics are found for the apparent parameters Jmax,i and Tu,i, but 
again, with reduced sensitivities (Figure 2.4c-f). Note the missing points in Figure 2.4c-f 
at low gm values. Without explicit consideration of gm, A/Ci curve analyses would not be 
able to properly identify the three limitation states in a set of points. When gm values are 
quite small, even the very presence of RuBP regeneration and TPU limitation states in the 
dataset may not be identified, explaining the missing points in Figure 2.4c-f. 
Figure 2.5 emphasizes different aspects from Figure 2.4. It shows the apparent, 
A/Ci-based parameters as functions of corresponding true A/Cc-based parameters for 
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multiple fixed gm values (Figure 2.5a, c, e). The ratios between the two sets of 
corresponding parameters are also displayed (Figure 2.5b, d, f). The underestimated 
Vcmax,i increasingly deviates from Vcmax,c as Vcmax,c increases and as gm decreases (Figure 
2.5a). The ratio of Vcmax,i to Vcmax,c decreases with Vcmax,c, with a faster rate at low Vcmax,c 
and gm values than at high Vcmax,c and gm values (Figure 5b). Again, Figure 2.5 
demonstrates that the effects of mesophyll conductance on Jmax,i and Tu,i are broadly 
similar to those on Vcmax,i but with reduced sensitivities (Figures 5c-f). The decreasing 
sensitivity to mesophyll conductance from Vcmax,i to Jmax,i to Tu,i is revealed by an 
increasingly tighter linear relationship between the apparent and true parameters (from 
Figure 5a to c to e) and by having ratios increasingly close to unity (from Figure 5b to d 
to e). 
Consistent with patterns shown in Figure 2.2 from measured A/Ci curves, Figure 
2.6 demonstrates that the relationships among Vcmax, Jmax and Tu are altered in the absence 
of explicit consideration of gm. The relationships among Vcmax,i, Jmax,i and Tu,i are tighter 
than those among Vcmax,c, Jmax,c and Tu,c. The higher goodness-of-fit is essentially an 
artifact, a consequence of the decreased freedom of variation in the estimated Vcmax,i, 
Jmax,i and Tu,i when a finite gm is assumed to be infinitely large. The ratio of Jmax,i to Vcmax,i 
(1.69), is larger than the ratio of Jmax,c to Vcmax,c (1.30). Similarly, the ratios of Tu,i to 
Vcmax,i (0.11, Figure 2.6c) and to Jmax,i (0.07, Figure 2.6e) are larger than the 
corresponding ratios of Tu,c to Vcmax,c (0.08, Figure 2.6d) and to Jmax,c (0.06, Figure 2.6e). 
The decreases in these ratios from the A/Ci-based parameters to the A/Cc-based 
parameters are a result of reduced underestimation and sensitivity to mesophyll 
conductance from Vcmax,i to Jmax,i to Tu,i. These ratios are very close to their counterparts 
obtained with measured A/Ci curves (comparing the corresponding slope values listed in 
Figure 2.2 and 2.6). 
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Also consistent with results based on measured A/Ci curves is the order of 
goodness-of-fit of the relationships among Vcmax, Jmax, and Tu. Tu is more tightly related to 
Jmax than to Vcmax while the goodness-of-fit between Vcmax and Jmax lies between that of Tu 
and Jmax and that of Tu and Vcmax. Whether gm is assumed infinite (Figure 2.6a, c, e) or 
estimated (Figure 2.6b, d, f) does not affect this order. 
2.5. DISCUSSION 
To the best of our knowledge, this study is the first worldwide effort to 
demonstrate and quantify the differential efforts of gm on key photosynthetic parameters 
and their relationships estimated from leaf gas exchange measurements. Our finding has 
implications for both modeling and process-based studies. Large-scale carbon cycle 
models often rely on the relationships among Vcmax, Jmax, and Tu for parameterizations and 
for establishing the impact of nutrient availability on photosynthesis (Kattge et al. 2009; 
Bonan et al. 2011). These relationships have been also used as measures of balance 
among different limiting processes of the photosynthetic machineries in evaluating the 
response of leaf photosynthesis to changes in CO2 concentration, temperature, and 
nutrient conditions (Hikosaka 2005; Onoda et al. 2005a,b). Our finding suggests that 
current parameterizations of photosynthetic processes in carbon cycle models may need 
to be re-evaluated and mesophyll conductance may complicate the interpretation of 
photosynthetic parameter relationships in the context of the operation of photosynthetic 
machineries. 
In addition, our study, for the first time, provides direct avenues for improving the 
realism of photosynthesis representation in large-scale carbon cycle models by 
quantifying the role of gm in shaping key model parameters and regulating 
photosynthesis. Current global carbon cycle models rely on Ci and employ photosynthetic 
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parameters estimated under the assumption of an infinite gm. These models ignore the 
drawdown of CO2 partial pressures from the substomatal cavity to chloroplast and 
therefore overestimate the CO2 concentrations at which the photosynthetic machineries 
are actually operating in the current atmosphere. Consequently it may be difficult for 
them to adequately simulate the responsiveness of terrestrial carbon cycles to rising 
atmospheric CO2 concentrations. Our conversion function Equation 2.2 could be applied 
to transform the apparent, A/Ci -based parameters to their corresponding true values for 
use in mesophyll conductance - represented global carbon cycle models. 
However, using a single parameter mesophyll conductance to characterize the 
diffusion and transport of CO2 inside leaves has its limitations (Tholen and Zhu 2011; 
Tholen et al. 2012). It simplifies the three-dimensional mesophyll architecture to one big 
cell in which one big chloroplast resides. Furthermore, it assumes that the resistance to 
diffusion caused by the chloroplast envelope and stroma is much smaller than that by cell 
walls and plasmalemma. Tholen et al. (2012) showed when the resistance arising from 
chloroplast envelope is not significantly smaller than that from cell walls and 
plasmalemma, gm does not entirely reflect diffusion properties of the mesophyll; it also 
depends on the ratio of the respiratory rate (photorespiration + day respiration) to the net 
photosynthetic rate, resulting in a correlation with stomatal conductance. In addition, 
there is evidence that aquaporin proteins and carbonic anhydrase may be involved in CO2 
transport (Flexas et al. 2008; Bernacchi et al. 2002). If so, CO2 movement inside leaves 
may not be a purely passive diffusion process, which in turn may complicate the direct 
application of the conductance or resistance concept. Analysis of measured A/Ci curves 
can potentially be influenced by these complications. They apparently do not 
fundamentally alter the patterns and relationships reported in this study because the 
results based on the analysis of measured A/Ci curves are corroborated by those from the 
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analysis of simulated A/Ci curves. However, individual values of particular parameters 
can be affected and therefore their interpretation requires caution. 
The gm values estimated from our measured A/Ci curves were overwhelmingly 
within the range of 0.1 to 10 µmol m-2 s-1 Pa-1. However, the entire range of variation in 
estimated gm covers several orders of magnitude (Figure 2.1). How can such large 
variations in gm be explained? How does leaf structure regulate the magnitude of gm? We 
don’t have enough information to answer these two questions with certainty. But it is 
possible that the large variations are caused by simplifying assumptions of A/Ci curve 
analysis as discussed above. More complicated models and parameters could be 
introduced to relax these assumptions (Tholen et al. 2012; Tholen and Zhu 2011). 
However, their application may be limited by the fact that the FvCB model is already 
over-parameterized with respect to typical leaf gas exchange measurements (Gu et al. 
2010). It is also possible that measurement uncertainties and lack of constraining power 
in A/Ci curves can cause outliers in estimated gm. The measurement procedures discussed 
by Gu et al. (2010) can be adopted to produce more informative A/Ci curves for the 
purpose of parameter estimation. 
Regardless of the origin of extreme gm values, there is a need to develop methods 
to directly measure gm. Like the isotopic approach (Evans et al. 1986) and the chlorophyll 
fluorescence approach (Harley et al. 1992), the parameter fitting approach used in this 
study is an indirect way of inferring gm. All these approaches require certain assumptions 
and thus potentially introduce uncertainties that are difficult to quantify. Research and 
technology development in this direction is needed to advance this important field 
(Sharkey 2012). Nevertheless it is reassuring that the results from measured and 
simulated A/Ci curves are consistent with each other, suggesting that any imperfection in 
the estimation of gm likely does not qualitatively affect the findings reported here. 
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2.6. CONCLUSIONS 
Using worldwide measurements across all major plant functional types and 
climates and massive model simulations, we demonstrated that mesophyll conductance 
differentially affects fundamental photosynthetic parameters and their relationships 
estimated from leaf gas exchange measurements. The widely adopted assumption of 
infinite mesophyll conductance leads to underestimation of the maximum carboxylation 
rate Vcmax (up to 75%), the maximum electron transport rate Jmax (up to 60%) and the 
triose phosphate utilization rate Tu (up to 40%). The degree of underestimation is more 
pronounced at lower than at higher mesophyll conductance and when leaves have higher 
photosynthetic capacities (i.e., larger Vcmax, Jmax, and Tu). Vcmax is the most sensitive 
parameter to the variation of mesophyll conductance, Tu the least and Jmax the 
intermediate. The assumption of infinite mesophyll conductance leads to overestimation 
of the ratios of Jmax to Vcmax, Tu to Vcmax, and Tu to Jmax. It also results in artificially strong 
relationships among these parameters, a consequence of reduced freedom of variations of 
estimation. We also found that regardless whether mesophyll conductance is assumed 
infinite or estimated explicitly, the relationship between Tu and Jmax is tighter than that 
between Jmax and Vcmax, which in turn is tighter than that between Tu and Vcmax. Finally we 
showed that a nonlinear function can be used to convert the parameters estimated under 
the assumption of infinite mesophyll conductance to proper values if an estimated 
mesophyll conductance is available. This function can facilitate the development of 
mesophyll conductance representation in global carbon cycle models. 
Leaf gas exchange measurements provide the basic information for understanding 
in situ photosynthetic processes and for parameterizing terrestrial carbon cycle models 
from local to regional to global scales. Proper interpretation of such measurements 
requires careful consideration of mesophyll conductance. We strongly recommend that 
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future analyses of leaf gas exchange measurements include estimates of mesophyll 
conductance. 
Finally we believe that there is a need for world-wide collaboration among 
researchers who routinely conduct leaf gas exchange measurements. Fundamental 
photosynthetic parameters are dynamic in space and time. Individual leaf-scale 
measurements rarely provide deep insights if they are not examined in proper spatial and 
temporal contexts. As demonstrated in the present study, collaboration among researchers 
world-wide is an effective and efficient way for providing such contexts and for 
individual leaf-scale measurements to make bigger contributions to advancing the field 
than otherwise possible. Furthermore, while leaf gas exchange measurements are 
frequently conducted by plant scientists world-wide, such measurements are rarely made 
available to modelers to improve their models. Open tools like LeafWeb 
(http://leafweb.ornl.gov/) can facilitate the collaboration among plant physiologists and 
ecologists and make easier the dialogue between experimental and modeling 
communities. 
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Table 2.1. List of species whose A/Ci curves are used in the study. 
 Species Location 
Abies lasiocarpa Colorado, USA 
Acalypha diversifolia Gamboa, Republic of Panama 
Acer rubrum Michigan, USA 
Acer saccharum Missouri, USA 
Achillea millefolium North Dakota, USA 
Adenostoma fasciculatum California, USA 
Agropyron repens North Dakota, USA 
Alchornea costaricensis Gamboa, Republic of Panama 
Ambrosia psilostachya North Dakota, USA 
Annona muricata Viçosa, Brazil 
Antennaria neglecta North Dakota, USA 
Arabidopsis thaliana Tennessee, USA 
Arctostaphylos patula Oregon, USA 
Artemisia absinthium North Dakota, USA 
Artemisia frigida North Dakota, USA 
Artemisia ludoviciana North Dakota, USA 
Artocarpus heterophyllus Viçosa, Brazil 
Astronium graveolens Gamboa, Republic of Panama 
Averrhoa carambola Viçosa, Brazil 
Betula papyrifera Michigan, USA 
Bixa orellana Gamboa, Republic of Panama 
Bromus inermis North Dakota, USA 
Calathea lutea Gamboa, Republic of Panama 
Calophyllum brasiliense Gamboa, Republic of Panama 
Calophyllum inophyllum Gamboa & Balboa, Ancon, Republic of Panama 
Carex heliophila North Dakota, USA 
Cariniana sp. Viçosa, Brazil 
Carya ovata Missouri, USA 
Casearia commersoniana Gamboa, Republic of Panama 
Cecropia peltata Gamboa, Republic of Panama 
Chrysophyllum cainito Viçosa, Brazil 
Cinnamomum zeylanicum Viçosa, Brazil 
Cinnamomum triplinerve Gamboa, Republic of Panama 
Cirsium arvense North Dakota, USA 
Cirsium flodmanii North Dakota, USA 
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Citharexylum caudatum Balboa, Ancon, Republic of Panama 
Citrus sp. Viçosa, Brazil 
Clusia croatii Gamboa, Republic of Panama 
Clusia peninsulae Gamboa, Republic of Panama 
Clusia pratensis Gamboa, Republic of Panama 
Cochlospermum vitifolium Gamboa, Republic of Panama 
Coffea Arabica Viçosa, Brazil 
Crescentia cujete Balboa, Ancon, Republic of Panama 
Cupania scrobiculata Gamboa, Republic of Panama 
Dalbergia retusa Gamboa, Republic of Panama 
Doliocarpus dentatus Gamboa, Republic of Panama 
Doliocarpus olivaceus Gamboa & Balboa, Ancon, Republic of Panama 
Eucalyptus sp. Southeastern Brazil 
Eriobotrya japonica Viçosa, Brazil 
Eugenia uniflora Viçosa, Brazil 
Genipa Americana Viçosa, Brazil 
Geum triflorum North Dakota, USA 
Glycine max Tennessee, USA 
Helianthus pauciflorus North Dakota, USA 
Hieronyma alchorneoides Gamboa, Republic of Panama 
Hybanthus prunifolius Gamboa, Republic of Panama 
Hymenaea courbaril Viçosa, Brazil 
Inga spectabilis Gamboa, Republic of Panama 
Inga sp. Viçosa, Brazil 
Jatropha curcas Gamboa, Republic of Panama 
Juniperus virginiana Missouri, USA 
Litchi chinensis Viçosa, Brazil 
Luehea seemannii Gamboa, Republic of Panama 
Malpighia emarginata Viçosa, Brazil 
Manilkara zapota Gamboa, Republic of Panama 
Melilotus officinalis North Dakota, USA 
Merremia sp. Gamboa, Republic of Panama 
Miconia impetiolaris Gamboa, Republic of Panama 
Myroxylon balsamum Gamboa, Republic of Panama 
Nassella viridula North Dakota, USA 
Ochroma pyramidale Gamboa, Republic of Panama 
Oligoneuron rigidum North Dakota, USA 
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Omphalea diandra Balboa, Ancon, Republic of Panama 
Ormosia macrocalyx Gamboa, Republic of Panama 
Oryza sativa Viçosa, Brazil 
Oxalis stricta North Dakota, USA 
Pascopyrum smithii North Dakota, USA 
Passiflora vitifolia Gamboa, Republic of Panama 
Peltogyne purpurea Gamboa, Republic of Panama 
Persea Americana Viçosa, Brazil 
Philodendron sp. Gamboa, Republic of Panama 
Phyllostachys humilis Dublin, Ireland 
Picea engelmannii Colorado, USA 
Picea mariana Minnesota, USA 
Pinus contorta Colorado, USA 
Pinus pinaster Aquitaine, France 
Pinus ponderosa Oregon, USA 
Pinus taeda North Carolina, USA 
Piper reticulatum Gamboa, Republic of Panama 
Piper sp. Gamboa, Republic of Panama 
Pithecellobium mangense Balboa, Ancon, Republic of Panama 
Platymiscium pinnatum Gamboa, Republic of Panama 
Poa pratensis North Dakota, USA 
Populus grandidentata Michigan, USA 
Populus deltoids Tennessee, USA 
Psidium guajava Viçosa, Brazil 
Purshia tridentate Oregon, USA 
Quercus alba Missouri & Tennessee, USA 
Quercus stellata Missouri & Tennessee, USA 
Quercus velutina Missouri, USA 
Quercus rubra Michigan & Tennessee, USA 
Rhapis excelsa Balboa, Ancon, Republic of Panama 
Rosa arkansana North Dakota, USA 
Schefflera sp. Balboa, Ancon, Republic of Panama 
Schima superba Zhejiang, China 
Schinus terebinthifolius Viçosa, Brazil 
Serjania sp. Gamboa, Republic of Panama 
Solidago Canadensis North Dakota, USA 
Solidago missouriensis North Dakota, USA 
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Spondias mombin Gamboa, Republic of Panama 
Sterculia apetala Gamboa, Republic of Panama 
Stigmaphyllum sp. Gamboa, Republic of Panama 
Swietenia macrophylla Viçosa, Brazil & Balboa, Ancon, Republic of Panama 
Symphyotrichum ericoides North Dakota, USA 
Symphoricarpos occidentalis North Dakota, USA 
Syzygium jambos Viçosa, Brazil 
Tabebuia rosea Gamboa & Balboa, Ancon, Republic of Panama 
Taraxacum officinale North Dakota, USA 
Tectona grandis Viçosa, Brazil 
Trifolium ambiguum Minnesota, USA 
Veitchia merrillii Balboa, Ancon, Republic of Panama 
Vismia bilbergiana Gamboa, Republic of Panama 
Vitex cooperi Gamboa, Republic of Panama 




Table 2.2. The values of empirical constants for the conversion function* that relates the 
A/Ci to A/Cc- based parameters.  
 a b c d R2 RMS† (mol m-2 s-1) 
Vcmax,c 0.1190 1.2656 0.6394 0.9610 0.83 18.0749 
Jmax,c 0.00851 0.7530 0.6201 -0.1173 0.97 7.5235 
Tu,c 0.1280 1.8045 0.2472 1.6298 0.99 0.3606 
 
* Refer to Equation 2.2.  
† RMS represents root mean square error. 
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Figure 2.1. The ratios of the A/Ci-based to corresponding A/Cc-based parameters as a 
function of mesophyll conductance. 
The A/Ci-based parameters are estimated by assuming infinite mesophyll conductance 
while the A/Cc-based parameters are estimated together with mesophyll conductance. 
Note that mesophyll conductance is in logarithmic scale. a: the ratio of A/Ci-based Vcmax 
(Vcmax,i) to A/Cc-based Vcmax (Vcmax,c); b: the ratio of A/Ci-based Jmax (Jmax,i) to A/Cc-based 
Jmax (Jmax,c); c: the ratio of A/Ci-based Tu (Tu,i) to A/Cc-based Tu (Tu,c). Results are based 




Figure 2.2. A comparison of the A/Ci-based parameter relationships with the A/Cc-based 
parameter relationships. 
The A/Ci-based parameters are estimated by assuming infinite mesophyll conductance 
while the A/Cc-based parameters are estimated together with mesophyll conductance. a, c 
and e: the relationships among the A/Ci-based Vcmax (Vcmax,i), Jmax (Jmax,i) and Tu (Tu,i); b, d 
and f: the relationships among the A/Cc-based Vcmax (Vcmax,c), Jmax (Jmax,c) and Tu (Tu,c). 
Results are based on measured A/Ci curves. 
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Figure 2.3. The goodness of fit for the conversion function*, which calculates the A/Cc-
based parameters from the A/Ci-based parameters and mesophyll 
conductance. 
The A/Ci-based parameters are estimated by assuming infinite mesophyll conductance 
while the A/Cc-based parameters are estimated together with mesophyll conductance. The 
values calculated from the conversion function Equation 2.2 are in the y axis while the 
values estimated from curve fitting are in the x axis. Results are based on measured A/Ci 
curves. 
 
* Refer to Equation 2.2. 
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Figure 2.4. The relationships between the A/Ci-based parameters and mesophyll 
conductance for a given set of values of A/Cc-based parameters. 
The A/Ci-based parameters are estimated by assuming infinite mesophyll conductance 
while the A/Cc-based parameters are estimated together with mesophyll conductance. a, c, 
and d: the A/Ci-based Vcmax (Vcmax,i), Jmax (Jmax,i) and Tu (Tu,i) as a function of mesophyll 
conductance for a given set of values of A/Cc-based Vcmax (Vcmax,c), Jmax (Jmax,c) and Tu 
(Tu,c), respectively; b, d, and f: the ratios of A/Ci-based to A/Cc-based parameters as a 
function of mesophyll conductance for a given set of values of A/Cc-based parameters. 
Results are based on simulated A/Ci curves. 
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Figure 2.5. The relationships between the A/Ci-based and A/Cc-based parameters for a 
given set of values of mesophyll conductance. 
The A/Ci-based parameters are estimated by assuming infinite mesophyll conductance 
while the A/Cc-based parameters are estimated together with mesophyll conductance. a, c, 
and d: the A/Ci-based Vcmax (Vcmax,i), Jmax (Jmax,i) and Tu (Tu,i) as a function of A/Cc-based 
Vcmax (Vcmax,c, a), Jmax (Jmax,c, c) and Tu (Tu,c, d), respectively, for a given set of values of 
mesophyll conductance; b, d, and f: the ratios of A/Ci-based to A/Cc-based parameters as 
a function of A/Cc-based parameters for a given set of values of mesophyll conductance. 
Results are based on simulated A/Ci curves. 
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Figure 2.6. Same as Figure 2.2 but for simulated A/Ci curves. 
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Chapter 3:  Representation of mesophyll diffusion of CO2 in a climate 
model  
3.1. ABSTRACT 
Plant physiologists have long recognized that mesophyll conductance (gm) 
strongly affects photosynthesis with an effect comparable to that of stomatal 
conductance. Yet, this term has been ignored in land surface models used for large-scale 
carbon and climate simulations. Here we present a simple but realistic parameterization 
of gm based on the synthesis of new advances in plant physiological studies. In this 
formulation, gm is calculated from its association with plant functional types and its 
dependence on environmental conditions. We implement this parameterization in the 
Community Land Model version 4a (CLM4a), a representative land component of 
climate models. We also recalibrate the key photosynthetic parameters Vcmax, Jmax, and 
TPU to maintain the consistency between model structure and associated parameters. 
With the modified CLM4a, we investigate the impact of gm on the global terrestrial gross 
primary production (GPP). Our simulations show that the inclusion of gm slightly 
increases the estimated mean global annual GPP over the period of 1982-2004 by ~9 Pg 
C yr-1. This increase in GPP is throughout the globe but particularly large in the tropics. 
We further found that omission of the mesophyll diffusion process can underestimate the 
potential of GPP stimulation to rising atmospheric CO2. The trend of such discrepancy is 
about 27 Pg C y-1 per 1000 ppm, with the tropics playing the major role. This systematic 
trend is strongly influenced by climate variability. Our study suggests that it is crucial to 
represent gm in modeling global terrestrial carbon cycles. 
3.2. INTRODUCTION 
Land surface models (LSMs) represent fundamental physical, chemical, and 
ecophysiological processes to study land-atmosphere interactions, ecosystem dynamics, 
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and associated climate feedbacks (Sellers et al. 1997). Reliable predictions of future 
climate change as well as its impact on global carbon and hydrologic cycles require a 
realistic description of these processes in LSMs that are coupled to climate models. The 
current predictive capability of LSMs is hampered by large biases and uncertainties in 
their calculated carbon and water fluxes (Friedlingstein et al. 2006), a consequence of a 
number of model structural and parameter deficiencies (Bonan et al. 2011). To improve 
their realism and predictability, LSMs should be informed with new knowledge obtained 
from process-based experimental and observational studies. 
Plant physiologists have long recognized that mesophyll conductance (gm), also 
known as internal conductance, is an important limiting factor on photosynthesis 
comparable in effect to that of stomatal conductance (gs) (e.g., Harley et al. 1992; 
Niinemets et al. 2009a; von Caemmerer and Evans 2010; Warren 2008; Flexas et al. 
2008). Mesophyll conductance characterizes the process of CO2 transfer from leaf 
intercellular air space through cell walls, membranes, cytosol to chloroplasts, the site of 
carboxylation. Hence, gm and gs jointly determine the actual CO2 concentration available 
for carbon assimilation. Although gs has otherwise been parameterized, gm has yet to be 
accounted for in LSMs for carbon and climate simulations. 
Without representation of the mesophyll diffusion process, LSMs implicitly 
assume an infinite value of gm. This assumption is in gross contradiction to data reported 
in plant physiology literature. Measurements of hundreds of species around the world 
have consistently shown that gm is finite and sufficiently small to result in a considerable 
drawdown of CO2 from intercellular air space to chloroplasts (for a review, see Niinemets 
et al. 2009a). The gm can cause a reduction of photosynthesis by up to 25% for crop 
species and up to 75% for natural vegetation (Terashima et al. 2006). Studies have also 
shown that this limitation on photosynthesis is more pronounced under water stress, with 
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an effect comparable and additional to that of stomata and the maximum Rubisco 
carboxylation rate Vcmax (Keenan et al. 2010a,b; Egea et al. 2011). Niinemets et al. (2011) 
highlighted the role of gm in predicting photosynthetic capacity under future CO2 
elevation. Therefore, direct physiological observations and concerns for future carbon 
projections argue for introducing gm into large-scale LSMs. 
A limited number of studies have attempted to represent gm in canopy-level 
models. These studies assumed that gm is either a fixed constant (Williams et al. 1996; 
Keenan et al. 2010a) or proportional to Vcmax (Le Roux et al. 2001) or to gs (Cai et al. 
2008). These treatments, although probably oversimplified (Flexas et al. 2008), have 
provided some insights into the effect of gm on canopy photosynthesis at local scales. 
These local-scale modeling efforts have also lent support for representing gm in large-
scale carbon and climate models. 
In this paper, we develop a simple but realistic parameterization to represent the 
gm functioning in LSMs for climate simulations, building on the literature synthesis of 
advances in physiological studies and previous modeling efforts. It calculates gm based on 
plant functional types (PFTs) and environmental variables. It attempts to be applicable 
broadly to different vegetation types, rather than to represent the behavior of particular 
ecosystems. We use the latest version of Community Land Model (CLM4a) (Bonan et al. 
2011) as a representative land component of climate models to quantify the impact of gm 
on land surface fluxes at the global scale with a focus on gross primary production (GPP). 
A legitimate concern for representing gm in LSMs is that the current photosynthetic 
parameters in these models are estimated from leaf gas exchange measurements without 
explicit consideration of gm (Gu et al. 2010; Ethier and Livingston 2004; Niinemets et al. 
2009b). Bonan et al. (2011) and Chen et al. (2011) suggested that adjustment of Vcmax 
could compensate for model deficiencies in representing some key processes. To comply 
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with the inclusion of gm, we recalibrate key photosynthetic parameters in CLM4a, e.g., 
Vcmax, built on the quantitative findings in Chapter 2. 
3.3. METHODS 
3.3.1. The global mesophyll conductance model 
Field measurements have shown that gm varies with leaf structures and 
environmental conditions (Nobel 1977; Flexas et al. 2008; Warren 2008; Niinemets et al. 
2009a). Leaf structures determine the maximum attainable gm and external environmental 
forcings modify this maximum value. This consensus reflects a recent understanding that 
environmental stress factors (e.g., temperature and water) can induce rapid physiological 
changes (e.g. hardening of cell walls and aquaporin-mediated alteration of membrane 
permeability) that cause gm to vary on time scales of minutes to hours (Chazen and 
Neumann 1994; Miyazawa et al. 2008). Accordingly, we model gm as 
)()()(0max wlTIm fTfxfgg 
    
                 (3.1) 
where gmax0 is the maximum gm (i.e., that under non-stress conditions, here referring to 
the presence of ample soil water and a temperature of 25°C) of a leaf at the canopy top of 
a PFT; fI(x) represents the vertical variation of gm as a function of cumulative leaf area 
index x from canopy top, driven by light gradient within the canopy; fT(Tl) and fw() are 
the response functions of gm to leaf temperature Tl and to soil moisture , respectively. 
The present study makes no attempt to represent other environmental controls (e.g. 
salinity, O3, nutrient availability, Flexas et al. 2008) on gm because they are much less 
understood and seldom quantified in field studies. 
The gmax0 varies significantly across plant species. A synthesis of measurements 
for ~100 plant species showed that this term is related to the leaf dry mass per unit area 
Ma through an empirical power law (Niinemets et al. 2009b) 
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b
aMag 00max         (3.2) 
where Ma0 represents Ma at canopy top. The constants a = 24.240338 and b = -0.6509 (all 
parameter values are listed in Table 3.1) are two empirical parameters that have been 
determined by fitting the compiled data to Equation 3.2 (R2 = 0.79, P<0.001, see Figure 
2.1 in Niinemets et al. 2009b). Similar patterns were also reported by Flexas et al. (2008) 
and by Niinemets et al. (2009c) but with fewer species samples. Note the values of a and 
b depend on the units of data used for the nonlinear regression of Equation 3.2. Our study 
used µmol m-2 s-1 Pa-1 for gmax0 and gm, and g m
-2 for Ma0 and Ma. The coefficient b is 
negative, indicating gmax0 decreases with Ma0 across PFTs under non-stress conditions. 
The gmax0 in Equation 3.2  is area-based while Niinemets et al. (2009b) used a mass-
based unit. The area- and mass-based gmax0 differ by a factor of Ma0. Accordingly, the 
value of b in our study is a notation on an area basis. In Equation 3.2, gmax0 is represented 
as a leaf-trait associated with PFTs since it is determined by Ma0, which is the product of 
two important leaf-traits: leaf thickness and foliar mass density (Niinemets et al. 2009a). 
Multiple steps are needed to derive an expression for fI(x), which describes the 
variation of gm associated with the prevailing light regime within a plant canopy. The 
light intensity shapes mesophyll cell morphology, the number of mesophyll cell layers, 
and leaf thickness. These factors are components that determine Ma(x), the leaf dry mass 
per area at cumulative leaf area index x (Niinemets 2007; Poorter et al. 2010). They also 
affect the total surface area of mesophyll cells exposed to intercellular air space per unit 
leaf area and hence gm (Niinemets et al. 2009a; Nobel 2009). Consequently, gm tends to 
change systematically from top to bottom of a canopy (Warren et al. 2007; Terashima et 
al. 2006; Hanba et al. 2002; Laisk et al. 2005; Han et al. 2010; Piel et al. 2002; Montpied 
et al. 2009) and scales well with Ma(x) within canopy depth (Piel et al. 2002; Montpied et 
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al. 2009). Therefore Ma(x) is an important link between gm and the prevailing light 
regime. Here the vertical variation of gm is modeled 
 daa MxMgxg 00maxmax )()(                       (3.3) 
where d = 0.8109, an empirical parameter fitted from the data (R2 = 0.67) in Montpied et 
al. (2009). Rearranging Equation 3.3, we have 
 daaI MxMgxgxf 00maxmax )()()(  .               (3.4) 
According to Niinemets (2007), Ma(x) is related to the seasonally integrated 
photosynthetically active radiation I(x) via 
  faa IxIMxM 00 )()(                      (3.5) 
where I0 is the value of I(x) at canopy top; f = 0.221897, a parameter fitted (R
2 = 0.57) 
from Niinemets (2007). Applying the Beer’s law, 
)exp()( 0 xkIxI I           (3.6) 
where kI = ~0.45, the seasonally averaged light extinction coefficient. Substituting 
Equation 3.6 and 3.5 to Equation 3.4, we obtain 
)exp()exp()( xkxfdkxf gII  .    (3.7) 
Here, fdkk Ig  = 0.08971, a composite parameter derived from three empirical 
coefficients. Equation 3.7 shows that the vertical variation of gm can be modeled as an 
exponentially decreasing function of cumulative leaf area index x from the top of canopy, 
characterized with a single decay coefficient kg. The advantage of creating a single 
composite parameter kg is that it facilitates the sensitivity testing with this parameter, 
which may guide process-based measurements. The joint control of Ma0 and x on gm is 
illustrated in Figure 3.1, showing that gm decreases with larger Ma0 and x, dominated by 
the PFT-specific Ma0. 
It is important to clarify that the dependence of gm on Ma0 in Equation 3.2 is 
fundamentally different from the relationship between gm and Ma(x) in Equation 3.3 that 
is used to formulate fI(x). Ma(x) is a composite leaf structural variable and is modified by 
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prevailing light regimes within a plant canopy in ways that are fundamentally different 
from variations of the composite leaf trait Ma0 across leaf forms of PFTs. As stated 
earlier, the light intensity affects Ma(x) through its effects on mesophyll cell morphology, 
the number of mesophyll cell layers, and leaf thickness. In contrast, the variations of Ma0 
across leaf forms of PFTs reflect the changes in the compactness of mesophyll cells, the 
thickness of cell walls and foliar mass density. Detailed discussion on this issue is beyond 
the scope of this paper but can be found elsewhere (Niinemets et al. 2009a; Nobel 2009). 
Several functions have been proposed to describe the temperature response of gm 
(Bernacchi et al. 2002; Warren and Dreyer 2006; Yamori et al. 2006; Scafaro et al. 2011). 
Here the formulation of Bernacchi et al. (2002), which was based on detailed 
measurements, is used 
)]}/()exp[(1{)]/(exp[)( ldllalT TRHTSTRHcTf     (3.8) 
where c = 20.0, a scaling constant; ΔHa = 49.6×10
3 J mol-1, the activation energy; ΔHd = 
437.4×103 J mol-1, the deactivation energy; ΔS = 1.4×103 J mol-1 K-1, an entropy term; 
and R = 8.314 J mol-1 K-1, the universal gas constant. Here, Equation 3.8 is normalized to 
25°C, hence fT(25°C) = 1. It features an initial increase of gm with Tl (10-35°C) and 
decline at high Tl, thus allowing simulations of high temperature inhibition. 
Different forms of the water stress term have been applied to gm in canopy models 
(Keenan et al. 2010a; Egea et al. 2011; Oliver et al. 2012). For convenience, we retain the 
original water stress function in CLM4 (Oleson et al. 2010), which has already been 
applied to Vcmax and stomatal conductance gs (Bonan et al. 2011). In the CLM4a 
formulation, 
)()( ,  i
n
i
irootw wff                        (3.9) 
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where n is the total number of soil layers; froot,i is the root fraction within soil layer i; 
wi() is the plant wilting factor, derived from the soil water content  for each layer. The 
calculation of froot,i and wi() follows Oleson et al. (2010). The term fw() ranges from 1 
(wet soil) to ~0 (dry soil), depending on the soil water potential of each layer, and root 
distribution of PFTs. 
3.3.2. Implementation of the mesophyll conductance model in CLM4a 
Equation 3.1 is applied to a single leaf and its associated parameters were derived 
from leaf-level measurements. We then integrate this equation to describe the canopy-
mean gm for the calculation of canopy-level photosynthesis. Many land models for 
climate simulations, including CLM4, divide the canopy into sunlit and shaded fractions 
(Dai et al. 2004). Thus the canopy-mean gm is obtained by integrating its leaf-level values 








































































Here, L is the leaf area index; kb is the direct beam extinction coefficient that is used to 
calculate fsun(x) and fsha(x), the fractions of sunlit and shaded leaves respectively. Note 
that kI in Equation 3.6 and 3.7 differs from kb in that kI is a seasonal mean while kb varies 
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with solar zenith angle and thus the course of a day and throughout a year and hence is 
typically updated each time step in model simulations. 
Mesophyll conductance links the CO2 concentration at leaf chloroplast cc and that 
at intercellular air space Ci with the net carbon assimilation rate A through 
mnic gAcc / .                             (3.11) 
Note that here cc and ci are in the unit of Pa because A and gm are in the unit of µmol m
-2 
s-1 and µmol m-2 s-1 Pa-1; elsewhere in the paper CO2 concentrations are expressed in the 
unit of ppm. The CLM4a used a numerical scheme to solve for photosynthesis by 
iterating over ci. In the gm-enabled CLM4a, we iterate over cc and A is calculated with the 
photosynthesis model from Cc. Sun et al. (2012a) found that the original numerical 
scheme used in CLM4a cannot ensure convergence for iteration and proposed a Newton-
Raphson method to overcome the numerical problem. The numerical method of Sun et al. 
(2012a) (also Chapter 5) is used in this present study. 
The term gmax0 is obtained from Ma0 which in turn is calculated from the inverse 
of the canopy-top specific leaf area SLA0 (m
2 g-1 C), a parameter already specified in 
CLM4 (Figure 3.1). Ma0 (g m
-2) in Equation 3.2 differs from 1/ SLA0 (g C m
-2) by a factor 
of two because the former refers to total leaf dry mass while the latter includes only the 
carbon fraction. Our gm treatment is applicable only to C3 plants; the C4 photosynthesis 
calculations are unchanged in the present study. This is because Equations 3.1-3.8 were 
obtained only from C3 plants, while C4 species measurements were sparse. 
3.3.3. Recalibration of the photosynthetic parameters 
The CLM4a model currently does not represent mesophyll conductance and its 
default photosynthetic parameters are “apparent” photosynthetic parameters. These 
apparent parameters must be recalibrated after the gm model is introduced. As shown 
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later, without proper recalibration, the simultaneous use of the apparent photosynthetic 
parameters and gm model will erroneously reduce the estimated mean annual global GPP. 
To convert the apparent photosynthetic parameters in CLM4a to corresponding 
chloroplastic (or “true”) photosynthetic parameters, we applied the nonlinear conversion 















exp .     (3.12) 
Here (x, y) represents the pairs of apparent and chloroplastic maximum carboxylation rate 
Vcmax, maximum electron transport rate Jmax, and triose phosphate utilization rate TPU; p, 
q, u, and v are empirical constants and differ among these pair (i.e., a, b, c, and d in Table 
2.2). As demonstrated in Chapter 2, the conversion function Equation 3.12 works very 
well for Vcmax (R
2 = 0.83), Jmax (R
2 =0.97), and TPU (R2 = 0.99). 
The CLM4a accounts for the influence of day length f (D) and nitrogen limitation 
f (N) on Vcmax (adjusted to 25
oC), i.e., Vcmax = 0maxcV · f (N) · f (D). Here
0
maxcV is the value of 
maxcV when day length and nitrogen are not limiting. The same f (N) and f (D) are 
propagated to Jmax and TPU (25
oC) via their linear dependence on Vcmax. We performed 
the recalibration, i.e., Equation 3.12, on the non-limiting apparent parameters (PFT-
specific) and then applied the factors of f (N) and f (D) to the corresponding chloroplastic 
values. In this way, we preserved the functional relationships among the chloroplastic 
photosynthetic parameters, which are different from those among the apparent 
photosynthetic parameters (Chapter 2). Finally, the conversions of photosynthetic 
parameters were all performed on values at canopy top so that the vertical profiles of 
photosynthetic parameters were not altered. In short, the canopy integration strategy of 
the gm-enabled CLM4a is identical to that of the original CLM4a. 
 53
3.3.4. Model simulations 
We carried out multiple simulations to clarify and quantify the effect of 
mesophyll conductance (Table 3.2): the CONTROL run, a control simulation with 
CLM4a which contains the improved formulations of leaf photosynthesis, radiative 
transfer and canopy scaling of (Bonan et al. 2011) but has no explicit representation of 
gm; the INTERMEDIATE run, a simulation that incorporates the developed gm scheme 
only but retains the original apparent photosynthetic parameters in CLM4a; and the 
MESOPHYLL run, a simulation with both explicit consideration of gm and chloroplastic 
photosynthetic parameters. The INTERMEDIATE run serves as a middle step to 
illustrate the gm effect. The simulations were driven by atmospheric forcings from 1948 
to 2004 (Qian et al. 2006) as used by Bonan et al. (2011). All runs were conducted at a 
spatial resolution of 0.9×1.25 degree with the constant land cover for the year 2000. They 
are all driven by observed transient atmospheric CO2 concentrations. Overall, our 
simulations follow the protocols of Bonan et al. (2011).  
3.4. RESULTS 
The CONTROL simulation with CLM4a (Bonan et al. 2011) estimates the global 
annual GPP to be ~130 Pg C yr-1 averaged over the period of 1982-2004 (Figure 3.2a, 
also Bonan et al. 2011). Here CLM4a is an improved model version of CLM4 (Oleson et 
al. 2010) and incorporates multiple revisions by Bonan et al. (2011), which hindcasts 
GPP that matches better with estimates from flux data. The INTERMEDIATE simulation 
that enables the gm model in CLM4a but retains its original apparent photosynthetic 
parameters, show that global annual GPP is reduced by ~11 Pg C yr-1 (Figure 3.2b and d) 
as compared with CONTROL. This reduction is caused by two factors. Firstly, the 
mesophyll diffusion process draws down the CO2 available for carbon assimilation. 
Secondly, the apparent photosynthetic parameters are smaller than they should be (as 
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compared with the corresponding chloroplastic photosynthetic parameters, Chapter 2). 
We found that the GPP decrease is throughout the globe, but most prevalent in the tropics 
(up to 1000 gC m-2 yr-1, Figure 3.2d). The comparison between CONTROL and 
INTERMEDIATE runs indicate that it is important to update the apparent photosynthetic 
parameters to the corresponding chloroplastic photosynthetic parameters in models that 
represent gm explicitly; without doing so, the models would not be self-consistent. 
The use of a gm model together with chloroplastic photosynthetic parameters in 
the MESOPHYLL run leads to an increase of estimated average global annual GPP by ~9 
Pg C yr-1 compared to CONTROL over the period from 1982 to 2004 (Figure 3.2c and e). 
Again, the tropics exhibit the largest increase, particularly in the Amazonian region, 
while the boreal and temperate ecosystems show slightly increased estimates of 
productivity. 
To understand the controls on the difference in annual GPP between the 
MESOPHYLL and CONTROL runs, we analyzed the annual difference from 1948 to 
2004. During this period, the atmospheric CO2 increased from about 310 to 380ppm. 
Overall the difference in the simulated annual GPP (MESOPHYLL – CONTROL) grows 
from 1950 to 2004 (Figure 3.3a) and is strongly correlated with atmospheric CO2 
concentrations (R2=0.85, Figure 3.3b). The trend is about 27 Pg C y-1 per 1000 ppm. 
However, the atmospheric CO2 concentration is not the only factor that drives the 
difference between the MESOPHYLL and CONTROL run. Climate must also contribute 
as superimposed on the increasing trend is some noticeable interannual variability, which 
cannot be explained by variability of CO2 concentration. In particular, an abrupt drop in 
the difference is found around 1997/1998 (Figure 3.3a) when CO2 concentration was 
~360ppm high (Figure 3.3b). This observed variability is likely a consequence of the 
influence of climate variation on gm, which in turn exerts additional modification on the 
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difference in the simulated CO2 fertilization effect between the MESOPHYLL and 
CONTROL runs. 
We break down this global analysis for different latitudinal bands of the globe 
(Figure 3.4). It reveals that the tropical region of 15oN to 15oS (Figure 3.4a and b) and the 
boreal region of 45 to 60oN (Figure 3.4g) dominate the global trend of the annual GPP 
difference between the MESOPHYLL and CONTROL runs. The tropical and boreal 
regions contribute a trend of roughly 6 and 7 Pg C Pg C y-1 per 1000 ppm, respectively. 
The trends in intermediate latitudinal bands (15 to 45oN, Figure 3.4c and e; and 15 to 
45oS, Figure 3.4d and f) are much smaller. It is interesting to note that most A/Ci curves 
are measured in temperate regions. A/Ci curve measurement conditions probably occur 
more frequently within this climate zone than in tropical or boreal regions which have 
more extreme environments. Thus the application of the apparent photosynthetic 
parameters is more likely to produce valid results in the temperate regions than in tropical 
and boreal regions. This explains why the trends are stronger in tropical and boreal 
regions than in temperate zones. 
Figure 3.5 compares the CO2 drawdown (in terms of CO2 partial pressure, Pa) 
from atmosphere (Ca) to leaf intercellular air space (denoted as Ca – Ci) and then to 
chloroplast (Ci – Cc) for different biomes. For all biomes, the probability density function 
(PDF) of Ca – Ci exhibits similar distributions in both the CONTROL (Figure 3.5a-d) and 
MESOPHYLL simulations (Figure 3.5e-h). This similarity is due to the fact that the 
drawdown of Ca – Ci is governed by stomatal conductance, which is calculated with the 
same stomatal conductance model independently from gm. The CO2 drawdown for 
tropical evergreen trees (Figure 3.5a and e) and grass (Figure 3.5d and h) peaks around 
8~9 Pa, corresponding to a frequency of 15%. The PDFs for temperate (Figure 3.5b and 
f) and boreal forests (Figure 3.5c and g) show similar shapes but widen considerably 
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relative to tropical evergreen trees and grass. This is a consequence of mixed leaf 
structures of multiple PFTs in temperate and boreal forests, e.g. needleleaf evergreen, 
broadleaf evergreen, and broadleaf deciduous trees, which have varying magnitudes of Ca 
– Ci (Figure 3.6 and 3.7). The additional drawdown of Ci – Cc is determined by gm and 
exhibits different distribution patterns from Ca – Ci (Figure 3.5i-l). The PDFs for Ci – Cc 
show various shapes depending on biomes. Tropical evergreen trees have a unimodal 
distribution with a maximum probability occurring around 12-13 Pa; this maximum is 
larger than that of Ca – Ci. This suggests that gm is of particular importance for tropical 
evergreen trees; it helps to explain the large sensitivity of GPP variation to gm 
representation in the tropics (Figure 3.4a and b). The PDFs of temperate and boreal 
forests show multimodal shapes (Figure 3.5g-k), resulting again from a mixture of 
different leaf structures in the same climate zone (Figure 3.6 and 3.7). The difference 
between Ci and Cc is more converging for grass than for other biomes and has a smaller 
magnitude (Figure 3.5l), indicating a less critical role of gm than stomatal conductance on 
grass species. 
The diffusion and transport of CO2 inside leaves is a complicated process, i.e., 
from gas-phase in leaf intercellular spaces to liquid phases in cell walls, cytosol, 
chloroplast stroma, plasmalemma, chloroplast envelop membranes and finally chloroplast 
stroma (Flexas et al. 2012), but is usually characterized by a single parameter gm. Our 
modeling framework of gm builds on the latest advances from field plant physiological 
studies, which consistently found that the variation of gm depends on both leaf traits and 
environmental conditions. Although simplified, this model is effective to realistically 
represent the CO2 diffusion process inside leaf. For example, the simulated bulk CO2 
drawdown from Ci to Cc at canopy level is consistent with leaf-level measurements 
(Warren 2008). Another evidence is the ratio of CO2 concentration/partial pressure 
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among different sites (Figure 3.8-3.10), e.g., the PDF of Cc / Ci peaks around 0.7 over 
tropical evergreen trees, which also agrees well with field observations (Warren 2008). 
These findings also suggest the convergence of CO2 drawdown between leaf and canopy 
scale. 
3.5. DISCUSSION 
The dependence of gm on environmental conditions is of particular importance, 
which may possibly explain the influence of climate variability, e.g., ENSO, on GPP 
sensitivity to CO2. Mesophyll conductance not only responds rapidly to but also 
acclimates gradually to environment changes (Flexas et al. 2008; Niinemets et al. 2009a; 
Warren 2008). Here, the long-term acclimation of gm is not considered since our 
simulations were carried out in a relatively short period; this effect may become critical 
as climate continues to warm and dry. 
It is a common modeling practice to fine tune parameters strategically so that 
large-scale models can reconcile structural deficiencies and fit present day observations 
well. Here we show that parameter adjustment is not adequate for environmental 
conditions that may vary beyond the observational conditions to which model parameters 
have been optimized. Thus a reliable model that is capable of simulating the past and 
future climate should be process-oriented. Here we use a simple conversion function to 
build the link between the photosynthetic parameters in current global climate models 
and their true values as gm is explicitly considered. This is a simplified strategy for our 
analyses to proceed. A more plausible way is to refit these parameters together with gm 
from measurements of leaf gas exchange (as discussed in Chapter 2). The refitting 
process should cover as many species as possible in order to obtain reasonable 
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parameters at PFT levels, which can be then applied to GCMs. The key photosynthetic 
parameters may also be calculated mechanistically, as demonstrated by Xu et al. (2012). 
3.6. CONCLUSIONS 
This study presents a mesophyll conductance modeling framework for global 
simulations. This gm model is developed by synthesizing latest advances in plant 
physiological studies, which formulate the dependence of gm on plant functional types 
and on environmental conditions. The detailed implementation of this gm into CLM4a 
and procedures of parameter recalibration are documented. This study provides a 
benchmark to demonstrate the role of gm in GPP simulations at global scales. In addition, 
with this process-oriented gm modeling framework, we found that omission of the 
mesophyll diffusion process can underestimate the potential of GPP stimulation to rising 
atmospheric CO2. The trend of such discrepancy is about 27 Pg C y
-1 per 1000 ppm, with 
the tropics playing the major role. Our findings can be further refined as new 
understandings of gm evolve in field studies and as fully coupled simulations are 
performed with nitrogen limitations and climate feedbacks considered.  
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Table 3.1. Empirical constants used in the global mesophyll conductance (gm) model. 
Equation Symbol Value (25C) Definition Source 
calculation of gmax0 
Equation 3.1 
a 24.240338 Empirical parameters 
Niinemets et al., 2009b 
b -0.6509 Empirical parameters 
vertical profile of gm 
Equation 3.1, 3.4, 3.7 d 0.8109 Empirical parameters Montpied et al., 2009 
Equation 3.5, 3.7 f 0.221897 Empirical parameters Niinemets, 2007 
Equation 3.6, 3.7 kI 0.45 Seasonally averaged light extinction coefficient 
Equation 3.7 kg 0.08971  = kI*d* f  
temperature response function of gm 
Equation 3.8 
c 20 a scaling constant 
Bernacchi et al., 2002 
ΔHa 49.6×10
3 J mol-1 the activation energy 
ΔHd 437.4×10
3 J mol-1 
the deactivation 
energy 
ΔS 1.4×103 J mol-1 K-1 an entropy term 
R 8.314 J mol-1 K-1 the universal gas constant 
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Table 3.2. Summary of global model simulations. 
Simulation Description 
CONTROL Control simulations with the default CLM4a (Bonan et al. 2011)  
INTERMEDIATE 
Intermediate simulations that use CLM4a with the gm model only but 
retains the original apparent photosynthetic parameters of CLM4a 
MESOPHYLL 
Fully updated simulations that use CLM4a with the gm model and 





Figure 3.1. The mesophyll conductance model (scaled to the leaf temperature of 25°C 
and saturating soil moisture). 
The 3D surface shows the maximum mesophyll conductance gmax = )exp(0 xkMa g
b
a  , 
(i.e., the product of Equation 3.2 and 3.7) as a function of canopy-top Ma (Ma0) and 
cumulative leaf area index (x). The purple curve in the x = 0 plane shows the relationship 
between gmax0 and Ma0 (Equation 3.2). The dotted curves show the gm profile within 
canopy (Equation 3.7) for the specified PFTs in CLM4a. The values of Ma0 are PFT-
specific, calculated from the canopy-top specific leaf area SLA0 in CLM4a. For clarity, 
we display these dotted curves on the Ma0=300 (g m
-2) plane. Here, NET, NDT, BET, 
BDT, and BDS denote needleleaf evergreen tree, needleleaf deciduous tree, broadleaf 




Figure 3.2. Mean annual GPP of the period 1982-2004 for the simulation of CONTROL, 
INTERMEDIATE, and MESOPHYLL as well as the differences among 
them. 
Panel (a) CONTROL, the control simulation with CLM4a (Bonan et al. 2011); (b) 
INTERMEDIATE, the intermediate simulation with mesophyll conductance scheme only 
and the photosynthetic parameters are not recalibrated; (c) MESOPHYLL, the simulation 
with both mesophyll conductance model and recalibration of photosynthetic parameters 
to corresponding “chloroplastic” values; and (d)-(e) are the differences from the 
CONTROL simulation for the INTERMEDIATE and MESOPHYLL simulations, 
respectively. The unit for mean annual GPP in (a)-(e) is g C m-2 yr-1. The value shown on 
the right-top of each panel is the estimated mean annual global GPP (Pg C yr-1).  
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Figure 3.3. The difference of global annual GPP between the MESOPHYLL and 
CONTROL simulations from 1948 to 2004 and its dependence on 
corresponding atmospheric CO2 concentration.  
Panel (a) the time series of the difference of global annual GPP between the 
MESOPHYLL and CONTROL simulations from 1948 to 2004; and (b) the dependence 




Figure 3.4. The difference in annual GPP between the MESOPHYLL and CONTROL 
simulations for each 15o latitudinal band of the globe as a function of 
atmospheric CO2 concentrations from 1948 to 2004.  
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Figure 3.5. The probability density distribution function (PDF) of CO2 drawdown for 
selected biomes, i.e., Tropical Evergreen Forest, Temperate Forest, Boreal 
Forest, and Grass.  
The CO2 drawdown here is defined in terms of partial pressure (Pa). Panels (a)-(d) show 
CO2 drawdown from atmosphere (Ca) to leaf intercellular space (Ci), i.e., Ca - Ci, for the 
CONTROL simulation with CLM4a. (e)-(h) show the PDF of Ca - Ci for the full 
MESOPHYLL run; and (i)-(l) are for the CO2 drawdown between intercellular space (Ci) 
and chloroplast (Cc), i.e., Ci - Cc. Each column represents a single biome. From leaf to 












Figure 3.8. The PDFs of Ci / Ca ratio and Cc/ Ci ratio for selected biomes, i.e., Tropical 
Evergreen Forest, Temperate Forest, Boreal Forest, and Grass.  
Panels (a)-(d) show the PDF of the Ci / Ca ratio for the CONTROL simulation with 
CLM4a. (e)-(h) show the PDF of the Ci / Ca ratio for the full MESOPHYLL run and (i)-
(l) are for the Cc/ Ci ratio. Each column represents a single biome. From leaf to right are 








Figure 3.10. Same as Figure 3.8 except for the breakdown of the boreal forest.  
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Chapter 4:  Model underestimation of terrestrial carbon assimilation 
from Pre-Industrial: Role of mesophyll resistance to CO2 diffusion  
4.1. ABSTRACT 
CO2 concentrations drop from substomatal cavities to chloroplasts due to the 
presence of substantial resistance to diffusion in mesophyll layers. Current global carbon 
cycle models ignore this drop. To compensate for over-predicted CO2 availability at the 
site of photosynthesis, they use apparent photosynthetic parameters tuned to 
measurements obtained for narrowly controlled environmental conditions. These 
apparent parameters are smaller than the ones that quantify the true capacities of 
photosynthetic machinery. Here we show that these models underestimate the 
responsiveness of terrestrial biosphere to increased atmospheric CO2 concentrations for 
natural environmental conditions. This underestimation occurs because tuned apparent 
parameters do not represent the underlying properties of limiting biochemical processes 
and they only work phenomenologically for narrow measurement conditions. From 1850 
to 2004, the global gross primary production may be underestimated by a cumulative 
total of 113 to 148 Pg C, a magnitude equivalent to one full year’s gross photosynthesis 
of the global terrestrial biosphere or to the entire global fossil CO2 emissions from 1850 
to the mid-1970s. The terrestrial biosphere may be more CO2-limited and absorb more 
carbon with increased atmospheric CO2 concentrations than previously thought. 
4.2. INTRODUCTION 
CO2 diffuses from leaf intercellular air space to chloroplasts where carboxylation 
occurs. This diffusion is an important process limiting CO2 availability for photosynthesis 
(Evans et al. 1986; Harley et al. 1992; Warren 2008; Niinemets et al. 2009a; Flexas et al. 
2012; Sharkey 2012; Evans and von Caemmerer 2013). Along this diffusional pathway, 
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the CO2 passes through not only gases initially but also liquids and lipids, i.e., cell wall, 
plasmalemma, cytosol, chloroplast envelope and stroma. Compared with the gas phase-
only diffusion across stomata, this internal diffusional pathway is shorter (Niinemets et 
al. 2011). However, CO2 diffusion in liquids is several orders of magnitude slower than 
in gases and the diffusion in lipids is even slower than in liquids (Evans et al. 2009). 
Mesophyll conductance (gm, also referred to as internal conductance), which 
characterizes this internal diffusional process of CO2, has been measured on hundreds of 
species around the world (Flexas et al. 2008; Niinemets et al. 2009a,b). These studies 
conclude that mesophyll structures and stomata present a similar magnitude of resistance 
to CO2 diffusion and thus are equally important in controlling CO2 concentrations 
available at the site of photosynthesis. Leaf-level studies suggest that the drawdown of 
CO2 from substomatal cavities to chloroplasts caused by mesophyll resistance to 
diffusion may reduce photosynthesis by 25-75% for different plant species (Terashima et 
al. 2006). Without explicit representation of gm, models substantially over-predict CO2 
concentrations available at the chloroplasts. Consequently, photosynthesis may seriously 
be either overestimated or underestimated, depending on how the model parameters are 
tuned, the magnitude of gm, and environmental conditions (Niinemets et al. 2009c). 
Although the CO2 diffusional process inside leaves is important for understanding 
photosynthetic responses to environmental changes, current large-scale terrestrial carbon 
cycle models do not represent mesophyll diffusion explicitly. It is not clear whether this 
lack of representation of mesophyll diffusion constitutes a major deficiency for large-
scale models, particularly in their capacity to predicting terrestrial ecosystem responses to 
rising atmospheric CO2 concentrations. A myriad of hierarchical processes affect 
terrestrial carbon cycling and not every important process can and should be directly 
represented in carbon cycle modeling frameworks. More process representations often 
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mean additional parameters and if these parameters cannot be adequately estimated, new 
uncertainties may be introduced (Gulden et al. 2008). Only those processes that cannot be 
adequately compensated for by tuning parameterizations at higher levels should be 
represented directly in large-scale models. 
Can large-scale carbon cycle models adequately cover the net effects of 
mesophyll diffusion without representing this important process explicitly? Current 
carbon cycle models generally employ some version of the biochemical model of 
Farquhar, von Caemmerer, and Berry (FvCB) for modeling photosynthesis (Farquhar et 
al. 1980). The FvCB model requires the CO2 concentration (Cc) at the carboxylation site, 
i.e., at the chloroplast (Niinemets et al. 2009b). However, most modelers have, rather, 
applied the FvCB model to the CO2 concentration inside the substomatal cavity (Ci) even 
though, as already mentioned, Cc is much smaller than Ci, owing to the presence of 
substantial mesophyll resistance to CO2 diffusion. To be consistent with the direct 
application of the FvCB model to Ci, carbon cycle models also use photosynthetic 
parameters estimated with data fitting procedures that treat gm as if it were infinitely large 
(i.e., the fitting ignores mesosphyll diffusion limitation). These parameters include the 
maximum carboxylation rate (Vcmax), maximum electron transport rate (Jmax), and triose 
phosphate utilization rate (TPU), all estimated from leaf gas exchange measurements, 
commonly referred to as A/Ci curves (Long and Bernacchi 2003; Sharkey et al. 2007). 
Such parameter estimation procedures that ignore mesophyll diffusion limitation often 
have difficulty in fitting the curvature of A/Ci curves, with positive biases at some Ci 
ranges being compensated for by negative biases at other ranges (Ethier and Livingston 
2004; Gu et al. 2010; Niinemets et al. 2009b). Because the parameter estimation 
procedures do not consider directly mesophyll diffusion limitation, photosynthetic 
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parameters applied in current carbon cycle models are “apparent” parameters that are 
“optimized” for certain conditions. 
These apparent photosynthetic parameters are smaller than the corresponding 
ones that quantify the chloroplastic capacities of photosynthetic machinery of the leaf, 
i.e., the chloroplastic photosynthetic parameters (Ethier and Livingston 2004; Niinemets 
et al. 2009b,c; Zeng et al. 2010). Like the apparent ones, the chloroplastic photosynthetic 
parameters can also be estimated from leaf gas exchange measurements but with 
procedures that infer gm together (Ethier and Livingston 2004; Sharkey et al. 2007; 
Niinemets et al. 2009b,c; Zeng et al. 2010; Gu et al. 2010; Evans and von Caemmerer 
2013). Smaller apparent photosynthetic parameters are a consequence of overestimation 
of CO2 concentrations at the site of photosynthesis when gm is assumed infinite. In other 
words, the parameter estimation procedures have to lower the apparent values of 
photosynthetic parameters in order to optimize, phenomenologically, against the 
observed A/Ci curves. 
Is the use of such apparent photosynthetic parameters an adequate strategy for 
carbon cycle models to simulate terrestrial responses to increased atmospheric CO2 
concentrations? It is legitimate to ask this question because A/Ci curves are measured 
with strict environmental controls whereas carbon cycle models are applied over a wide 
range of unpredictable natural environmental conditions. To measure A/Ci curves, 
photosynthetically active radiation (PAR) is typically set at saturating levels (>1000 mol 
m-2 s-1) and temperatures and relative humidity at moderate values (e.g., summer growth 
temperatures with 60 to 80% relative humidity). This strict control of the A/Ci curve 
measurement conditions is not a weakness of the measurement itself but a necessity for 
obtaining data about key limiting biochemical processes of photosynthesis (Long and 
Bernacchi 2003; Sharkey et al. 2007). While the use of apparent photosynthetic 
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parameters may not produce obvious problems within the conditions for which they are 
optimized, serious issues may arise if deviations from these optimized conditions occur 
because the apparent parameters do not represent the underlying properties of 
fundamental biochemical processes and are not expected to be universally valid. We thus 
hypothesize that the inherent structural defects of carbon cycle models that ignore 
mesophyll diffusion may not be adequately compensated for by the use of apparent 
photosynthetic parameters in simulating ecosystem responses to long-term changes in 
atmospheric CO2 concentrations. We further hypothesize that these models will 
underestimate ecosystem responsiveness because photosynthesis is more sensitive to 
changes in CO2 at lower than at higher CO2 and because models that ignore mesophyll 
diffusion over-predict CO2 concentrations at the site of photosynthesis. 
We test these hypotheses by evaluating model-simulated responses of global 
annual gross primary production (GPP) to the increased atmospheric CO2 concentrations 
since the Industrial Revolution. Our objective is to compare models that omit and include 
gm.  
4.3. METHODS 
4.3.1. Global simulations of GPP 
We developed a simple but realistic global gm model based on a synthesis of data 
in the literature, and implemented this global gm model into the Community Land Model 
4a (CLM4a), a version updated from CLM4 with improvements in canopy processes by 
Bonan et al. (2011) (Chapter 3). To establish the correct correspondence between CLM4a 
with and without gm, the original apparent photosynthetic parameters in CLM4a were 
converted to the corresponding chloroplastic photosynthetic parameters to be used with 
the global gm model. This conversion was done with a globally-tested nonlinear function 
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that has the apparent parameter and gm as inputs (Chapter 2). Details about the gm-enabled 
CLM4a are described in the (Chapter 3). 
We ran CLM4a with and without gm for the period from 1850 (the end of pre-
industrial era) to 2004 with constant climate and from 1948 to 2004 with observed 
climate. The constant climate that drives the simulations from 1850 to 2004 is repeating 
meteorology of 1948-1972 (Bonan and Levis 2010; Piao et al. 2013). The observed 
climate that drives the 1948 to 2004 simulations is from Qian et al. (2006). The observed 
atmospheric CO2 concentrations, which are used in all simulations, increases from about 
285ppm in 1850 to 310 ppm in 1948 to 377 ppm in 2004. 
4.3.2. Quantification the CO2 responsiveness of GPP 
We employed two approaches to comparing the CO2 responsiveness of global 
GPP simulated by CLM4a with and without gm. First, we used the beta factor (), 
introduced by Charles David Keeling to quantify the ‘degree of CO2 fertilization’ of 
terrestrial biosphere (Bacastow and Keeling 1973) and widely applied since. The beta 
factors of CLM4a with and without gm (c and i, respectively) were compared through 
their ratio R: 
    
      
















,      (4.1) 
where GPPc and GPPi are the global annual GPP simulated by CLM4a with and without 
gm, respectively; Ca is atmospheric CO2 concentration and Ca0 is some baseline value of 
Ca, here taken as the pre-industrial 285 ppm in 1850. The denominators of c and i share 
a common logarithmic term, which cancels in the expression of R. If carbon cycle models 
with and without gm predict the GPP sensitivity to CO2 equally well, then R should be 
close enough to 1. R > 1 indicates that a model without gm underestimates the sensitivity 
as compared with one that explicitly considers gm; R < 1 indicates the opposite. 
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 Second, we calculated the unbiased cumulative difference () between GPPc and 
GPPi: 
           dttGPPtGPPdttGPPtGPPt t
t ii
t
t cc   00 00 ,   (4.2) 
here t0 and t are the start (1850) and a given year, respectively. GPPc and GPPi are each 
offset by their corresponding initial values in the start year and thus   01850  , 
allowing a fair comparison between CLM4a with and without gm. 
4.3.3. Leaf-scale evaluation 
To provide insights for the global pattern of CO2 responsiveness of GPP, we 
carried out a meta-analysis of leaf-scale gas exchanges measurements. We analyzed a 
global dataset (leafweb.ornl.gov) of over 1000 quality-assured A/Ci curves measured on 
over 100 C3 species covering all major plant functional types of the world from 
herbaceous temperate plants to woody tropical species. We applied the FvCB model 
together with the obtained paired sets of apparent and chloroplastic photosynthetic 
parameters and associated gm values to simulate the responses of net assimilation rates of 
single leaves to changes in ambient CO2 concentrations under a combination of multiple 
levels of PAR and temperature. To further simplify the simulations, a constant ratio of 
intercellular to ambient CO2 concentrations is assumed (Ci/Ca = 0.7) (Ehleringer and 
Cerling 1995), avoiding uncertainties that may be caused by the use of a stomatal 
conductance model. The leaf-scale simulations are run with PAR at 100, 200, 400, 800, 
and 1600 mol m-2 s-1, respectively and temperatures at10, 15, 20, 25, and 30oC, 
respectively and also with all measurement conditions of the original A/Ci curves from 
which the apparent and chloroplastic photosynthetic parameters and gm are estimated. 
The average measurement conditions of the original A/Ci curves are 1255  323 mol m-2 
s-1 for PAR and 26  5oC for temperature. We calculated R from 285 to 1000ppm 
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ambient CO2 concentrations for each pair of apparent and chloroplastic parameters and 
for each combination of PAR and temperature. For reference, we also calculated R for 
each of the measurement conditions of the more than 1000 original A/Ci curves from 
which the apparent and chloroplastic photosynthetic parameters and gm were estimated. 
4.4. RESULTS AND DISCUSSION 
For the 1850-2004 simulations forced with constant climate, R increases rapidly 
initially when atmospheric CO2 concentrations are less than 300 ppm (earlier than 1910). 
It levels off at a value of about 1.073 (Figure 4.1a). For almost the whole simulation 
period, R is larger than 1 except for the first few years (before 1865 and Ca < 287 ppm) 
when R is unstable (R is not defined in 1850 at Ca0 = 285 ppm). For the 1948-2004 
simulations forced with observed climate, R is always larger than 1 and also generally 
larger than the corresponding R calculated for the constant climate simulations (Figure 
4.1a). R calculated for the observed climate simulations varies considerably from year to 
year, in contrast to a very stable R calculated for the constant climate simulations for the 
same period. This contrast suggests that climate variability increases the sensitivity 
difference of GPP to CO2 simulated by models with and without gm. The R consistently 
larger than 1 for both the constant and observed climate simulations indicates that, 
compared to carbon cycle models with gm, models without gm underestimate the degree of 
CO2 fertilization. 
The unbiased cumulative difference  in GPP provides a measure for the 
underestimation of the degree of CO2 fertilization by models without gm.  grows 
exponentially from 1850 to 2004 and reaches to 113 Pg C (1Pg = 11015 gram) for the 
constant climate simulations and to about 148 Pg C for the observed climate simulations 
(Figure 4.1b). Similar to the difference in R between the constant and observed climate 
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simulations (Figure 4.1a),  is also larger for the observed than for the constant climate 
simulations, suggesting that increased climate variability amplifies the magnitude of 
underestimation of the degree of CO2 fertilization by models without gm. 
Why do carbon cycle models without explicit representation of mesophyll 
diffusion underestimate the degree of CO2 fertilization? Why does climate variability 
amplify this underestimation? To answer these two questions, we analyzed a global 
dataset (leafweb.ornl.gov) of over 1000 quality-assured A/Ci curves measured on over 
100 C3 species covering all major plant functional types of the world from herbaceous 
temperate plants to woody tropical species.  
Results from the leaf-scale analyses are summarized in Figure 4.2. Under non-
saturating PAR levels (Figure 4.2a-c), the R, which is averaged across all A/Ci curves, is 
significantly larger than 1 across the full range of ambient CO2 for all temperature levels 
examined. For a given PAR level, the averaged R tends to decrease with increased 
temperatures. For a given combination of PAR and temperature, the averaged R tends to 
increase with CO2 and level off at high CO2. Only under saturating light levels and high 
temperatures is the averaged R close to 1. When evaluated at the measurement conditions 
of original A/Ci curves, the averaged R is also close to 1. Thus the leaf-scale analyses 
show that only for conditions close to what the apparent photosynthetic parameters are 
optimized for, can models without gm predict a degree of CO2 fertilization similar to that 
by models with gm. However, when PAR and temperatures deviate from the general 
measurement conditions of A/Ci curves, the use of apparent photosynthetic parameters is 
not adequate anymore and leads to underestimation of the degree of CO2 fertilization by 
models without gm. 
The variations of R for different combinations of PAR and temperature shown in 
Figure 4.2 do not necessarily reflect how mesophyll diffusion affects the degree of CO2 
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fertilization under different environmental conditions. They only demonstrate the 
consequences of not representing this process explicitly in models. 
The terrestrial biosphere may be more CO2-limited and more responsive to 
increased atmospheric CO2 concentrations than global carbon cycle models have been 
suggesting. These models may have underestimated a cumulative 113 to 148 Pg C in 
global GPP since the Industrial Revolution. This magnitude of underestimation is 
equivalent to the total gross photosynthesis by the global terrestrial biosphere in one year 
(Beer et al. 2010; Welp et al. 2011) or to the entire global fossil CO2 emissions from the 
Industrial Revolution to the mid-1970s (Boden et al. 2010). Applications of these models 
in coupled carbon-climate simulations will overestimate the growth of atmospheric CO2 
concentrations due to fossil fuel emissions. To adequately predict long-term effects of 
anthropogenic emissions and carbon-climate interactions, carbon cycle models should 
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Figure 4.1. The beta factor ratio R *(Panel a) and the unbiased cumulative difference  † 
(Panel b) of global annual gross primary production (GPP) calculated by 
CLM4a with and without mesophyll conductance as a function of 
atmospheric CO2 concentrations (Panel a) and year (Panel b), respectively.  
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The baseline year is 1850 with an atmospheric CO2 concentration of 285 ppm and is the 
same for both R and  and for both the constant and observed climate simulations. Since 
the observed climate is available only after 1948,  for the observed climate simulations 
is extended from 1948 to 1850 with results from the constant climate simulations of the 
same period, explaining the initial overlap in  for the constant and observed climate 
runs. 
 
* Refer to Equation 4.1. 
† Refer to Equation 4.2. 
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Figure 4.2. The beta factor ratio R of leaf net photosynthetic rate calculated by the FvCB 
model with and without extension of a mesophyll conductance as a function 
of ambient CO2 concentrations. 
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The baseline ambient CO2 concentration is 285 ppm. Each curve in each plot represents 
an average of over 1000 R-ratio curves. Calculations are done at 25 combinations of 5 
levels of phtosynthetically active radiation (PAR): 100 (a), 200 (b), 400 (c), 800 (d) and 
1600 mol m-2 s-1 (e) and 5 levels of temperature (10, 15, 20, 25 and 30oC). Calculations 
are also done at the original leaf gas exchange (A/Ci) measurement conditions which vary 
somewhat from measurement to measurement (f). The averaged PAR for the leaf gas 
exchange measurements is 1255  323 mol m-2 s-1 and the average temperature is 26  
5oC. The 95% confidence interval is shown for the mean R-ratio curve at 30oC (a-e) and 
at the measurement conditions (f, although barely seen due to a large volume of samples). 
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Chapter 5:  A numerical issue in calculating the coupled carbon and 
water fluxes in a climate model1  
5.1. ABSTRACT 
The Community Land Model (CLM) uses a fixed-point iteration approach to 
solve the coupled photosynthesis and stomatal conductance model (A– gs). Here we 
demonstrate that this approach does not converge in its iterative calculation of gross 
primary production (GPP) and transpiration in large portions of land surface, because the 
coupled A– gs model does not always comply with a condition (the fixed-point theorem) 
required by the fixed-point approach for convergence. This iteration fails more frequently 
in some regions of the world than in others, leading to regionally varying uncertainty and 
global biases in the estimated carbon and water fluxes. Moreover, CLM applies an 
artificial constraint to the water vapor pressure of canopy air in its calculations of A– gs, 
with an intention to prevent the ‘numerical instability’ arising from the fixed-point 
approach. Our results show that this constraint reduces but does not prevent the 
occurrence of non-convergence. Since this constraint is artificial, it can bias GPP and 
transpiration simulations. We then propose a Newton-Raphson iteration scheme to 
replace the fixed-point approach and show that this new approach can ensure 
convergence, does not require an artificial constraint on the atmospheric water vapor 
pressure, and is computationally efficient. On the other hand, the default fixed-point 
treatment in CLM leads to a ~2.7 Pg C yr-1 overestimation of GPP globally but with 
much higher regional biases (~27%). We thus suggest that the current fixed-point 
                                                 
1Substantial portions of this chapter were previously published in Sun, Y., L. Gu, and R. E. Dickinson, 
2012a: A numerical issue in calculating the coupled carbon and water fluxes in a climate model. J. 
Geophys. Res., 117, D22103, doi:10.1029/2012JD018059. The References section contains full citations 
for all articles referenced here. 
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treatment in CLM be replaced with the Newton-Raphson approach and that the artificial 
constraint on the atmospheric water vapor pressure be removed. 
5.2. INTRODUCTION 
Climate models are now used to predict future oceanic and terrestrial carbon 
storage and hence how much will remain in the atmosphere and contribute to global 
warming (e.g., Dickinson 2012; Friedlingstein et al. 2006; Fung et al. 2005; Sarmiento et 
al. 2010). Carbon enters the terrestrial ecosystem through leaf stomata, which also 
transpire water extracted from soil. Therefore, a coupled photosynthesis and stomatal 
conductance (inverse of stomatal resistance) model is often used within a general land 
surface modeling framework to simulate terrestrial gross primary production (GPP) and 
transpiration at various time and spatial scales (Sellers et al. 1996; Dai et al. 2004; Bonan 
et al. 2011). GPP is the initial step of terrestrial carbon cycling (Beer et al. 2010; Zhao 
and Running 2010). It fuels the growth of plants, which in turn provide organic matter to 
soil (Dickinson 2012). Transpiration is a key component of evapotranspiration (ET) that 
by balancing absorbed solar radiation determines land surface temperature and other 
climate features (Dickinson et al. 2002). Thus a robust solution of the coupled 
photosynthesis (A) and stomatal conductance (gs) process (denoted as A– gs) is needed for 
accurate predictions of terrestrial carbon and water fluxes in climate models. 
A widely used framework of the coupled process of the CO2 and water vapor flow 
through the stomata was first implemented by Collatz et al. (1991), a variant version of 
which now is a component of the Community Land Model (CLM) (Oleson et al. 2010). 
This A– gs model encompasses a suite of nonlinear equations that in general must be 
solved iteratively, although under certain simplified conditions, analytical solutions are 
possible (Baldocchi 1994). 
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Various iteration methods are available for solving such nonlinear equations, with 
their own strengths and limitations for specific applications. Thus, it is of particular 
importance to choose an appropriate iteration scheme when it is applied for global 
simulations. We emphasize this point for a couple of reasons. First, in a global modeling 
framework, there are 103-106 land grids (depending on the simulation resolution), each of 
which can consist of mixed patches of various plant types that are forced by different 
environmental conditions. These vegetation and climatic conditions in turn strongly 
affect the behavior of the nonlinear equations involved and therefore the validity of their 
numerical treatment. Second, iterative calculations must be computationally inexpensive 
for global applications. However, we are not aware of any previous effort to examine 
these numerical issues in depth for the A– gs model, although the coupling between 
carbon and water vapor fluxes is at the core of land surface modeling. 
We have found that the iteration approach used in CLM to solve the A– gs model 
(and likely other such models of similar heritage) does not converge, hence introduces 
errors to the modeled carbon and water fluxes. We examine why this non-convergence 
occurs and introduce a more robust iteration framework to remedy this numerical 
problem. This new approach is based on an in-depth analysis of the numerical behavior 
of the A– gs model. We demonstrate that our new treatment corrects substantial biases in 
the GPP and transpiration simulated by the latest released version of CLM, i.e., CLM4 
(Oleson et al. 2010). 
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5.3. THE NUMERICAL TREATMENT FOR THE COUPLED PHOTOSYNTHESIS-STOMATAL 
CONDUCTANCE MODEL IN CLM4 PRODUCES LARGE REGIONS OF NON-
CONVERGENCES 
5.3.1. Characteristics of iterative solutions for the coupled nonlinear equations in 
CLM4 
The carbon and water fluxes must be determined together with the constraint of 
canopy energy conservation, because the key parameters for photosynthesis and 
evapotranspiration (ET) strongly depend on leaf temperature. Models use iterative 
approaches to directly solve for two unknowns: leaf temperature (Tv) and the CO2 partial 
pressure inside the leaf intercellular space (ci). Other variables are calculated as functions 
of these two unknowns either during the iterative procedure or after the two unknowns 
have been solved. 
Consider two equations with the variables x and y to be determined, i.e., f(x,y) = 0 
and g(x,y) = 0. In particular, f is the A– gs model with x as ci, and g is the leaf temperature 
calculation with y as Tv. Currently in CLM4, these two equations are solved by nesting 
the A– gs model into the Tv calculation, where the outer loop solves g(x,y) = 0 for y 
assuming a fixed x, while the inner loop solves f(x,y) = 0 for x keeping y fixed. 
Furthermore, the two loops use different iteration schemes, i.e., the inner loop f uses a 
fixed-point (FP) iteration approach independent of the outer loop whereas the outer loop 
g uses a Newton-Raphson iteration inherited from the earlier Biosphere-Atmosphere 
Transfer Scheme (BATS), e.g., Equation 84 in Dickinson et al. (1993) or Equation 5.116 
in Oleson et al. (2010). Here we focus on the inner loop only, since the fixed-point 
iteration can fail to attain a solution for the A– gs model and hence simulate carbon and 
water fluxes with questionable accuracy. 
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5.3.2. Formulations and numerical implementations of the A– gs model in CLM4 
The CLM4 uses a modified version of the Farquhar model (Farquhar et al. 1980; 
Collatz et al. 1991) to calculate photosynthesis for C3 plants and the Collatz et al. (1992) 
model for C4 plants. The photosynthesis A is expressed as a function of ci as follows: 
)}(),(),(min{)( ieijici cwcwcwcA  ,    (5.1) 
where wc is the Rubisco-limited carboxylation rate; wj is the light- or RuBP regeneration-
limited carboxylation rate; and we is the export-limited (C3) or the CO2-limited rate of 
carboxylation (C4). For simplicity, wc, wj and we and thus A are all shown as functions of 
ci only; but they actually depend on a suite of parameters and environmental variables as 
well. For example, wc is determined by the maximum Rubisco carboxylation rate Vcmax, a 
key photosynthetic parameter that is limited by soil dryness t, where 0 ≤ t ≤ 1 (see 
Equation 8.13 in Oleson et al. 2010). Detailed formulations of wc, wj and we are 
documented elsewhere (Oleson et al. 2010); here we only list key equations of direct 
relevance to our study. 
The CLM4 applies the Ball-Berry model (Ball et al. 1987; Collatz et al. 1991) to 
calculate stomatal resistance rs, which requires A as an input. Through incorporating CO2 
diffusion via leaf boundary layer, rs is solved with the following quadratic equation (also 






























.     (5.2) 
Here, m is a plant functional type (PFT)-dependent parameter; Patm the atmospheric 
pressure; cs the CO2 partial pressure at the leaf surface; b the minimum stomatal 
conductance; rb the leaf boundary layer resistance; ei the saturation vapor pressure inside 
the leaf; eʹa the constrained water vapor pressure of canopy air. We emphasize that CLM4 
imposes an arbitrary lower limit on the parameter eʹa, which strongly affects the 
effectiveness of the fixed-point iteration (Section 5.4). In CLM4, eʹa is determined by 
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)),,max(min(' iiaa eeee   ,     (5.3) 
where ea is the actual water vapor pressure of canopy air; α(= 0.25 for C3 or = 0.4 for C4 
plants) is an arbitrary coefficient for the constraint on water vapor pressure enforced by 
CLM4. The rationale for this constraint is to ‘prevent numerical instability in the iterative 
stomatal resistance calculation’ (pp. 172, Oleson et al. 2010). The lower limit is higher 
for C4 plants ‘because C4 plants are not as sensitive to vapor pressure as C3 plants’ (pp. 
172, Oleson et al. 2010). Later we examine the consequences of this artificial constraint 
for the calculated carbon and water fluxes when fixed-point iteration is used. 
The diffusion of CO2 through stomata forms the final independent equation 
needed to close the coupled A–gs model: 
)()(65.1 iatmssi cAPArcc  .                    (5.4) 
The set of Equations 5.1, 5.2, and 5.4 is iterated over the variable ci given an initial guess, 
that is, ci = 0.7·ca for C3 or ci = 0.4·ca for C4, where ca is the atmospheric CO2 partial 
pressure (Oleson et al. 2010). This current procedure in CLM4 is a typical 
implementation of the fixed-point iteration (details to be given in Section 5.4). Its 
iteration of ci proceeds three times, without checking whether a convergence is achieved. 
5.3.3. Demonstration of the numerical problems in the calculated carbon and water 
fluxes with global simulations 
Here we use global simulations to demonstrate that the fixed-point treatment for 
the A– gs in the default CLM4 produces large regions of non-convergence of GPP and 
transpiration over the global land surface. This diagnosis strategy is simple: we increased 
the maximum number of iterations N from 3 to 20 with a one-step increment for each 
simulation while keeping the fixed-point configurations as default in CLM4 (denoted as 
FP_wC, Table 5.1). Simulations were performed from the year 1948 to 2004 in the 
offline mode driven by the atmospheric forcing data of Qian et al. (2006). The analyses 
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were conducted for boreal summer, i.e., JJA (note this simulation and analysis protocol 
was also applied to the simulations with our proposed new iteration approach in Section 
5.5). For clarity, only results for the year 1948 are described here; results for other years 
are similar. 
Figure 5.1a shows clear differences in the JJA-mean GPP over North America 
and Eurasian between the default 3-step treatment and that with an additional iteration. 
This inter-step difference is pronounced in western United States, where a ~200 g C m-2 
yr-1 (~20% if using the default 3-step simulation as reference, also see Table 5.2) 
difference in GPP is observed. Evidently, the fixed-point iteration suffers from 
widespread non-convergence since the difference between two adjacent iteration steps 
would be minimal if the iterative calculation had converged. Furthermore, this failure of 
convergence is not a matter of the maximum number of iteration steps N, because the 
difference in GPP between two consecutive steps does not attenuate with increasing 
number of iterations in general (Figure 5.1b-g and Table 5.2). Instead of convergence, a 
regular oscillation pattern exists in the modeled GPP with fixed-point iteration (Figure 
5.1b-g). Similar patterns are also found in the simulated transpiration (results not shown). 
As stated above, CLM4 imposes a prior constraint on the water vapor pressure of 
canopy air, which artificially modifies the environmental conditions and hence their 
impact on the A– gs calculation. We designed another set of simulation experiments 
(denoted as FP_woC, Table 5.1) to investigate the effect of this constraint on iterative 
calculations of GPP and transpiration. In these simulations, the lower limit on eʹa was 
removed such that Equation 5.3 turns into ),min(' iaa eee  , while all other formulations 
and the fixed-point approach remain unchanged from the default. 
Figure 5.2 shows that the removal of the constraint on eʹa substantially degrades 
the convergence of simulated GPP and transpiration. Compared to Figure 5.1a, more 
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regions show non-convergence of GPP, e.g., eastern Amazon, southern Africa, Australia, 
and a large portion of Eurasia (Figure 5.2b). In western US, the magnitude of disparity 
between the 3th and 4th iteration is larger than that with this constraint. A concomitant 
degradation is also found in canopy transpiration, because of its strong coupling with 
photosynthesis (Figure 5.2b). 
These findings demonstrate that the fixed-point iteration approach employed by 
the CLM4 fails to solve the coupled A – gs model for substantial regions of the land 
surface on Earth. 
5.4. WHY THE ITERATION APPROACH IN CLM4 FAILS: A MATHEMATICAL 
PERSPECTIVE 
5.4.1. The theorem of fixed-point iteration 
The fixed-point iteration is the simplest numerical approach to solve nonlinear 
equations. Any equation can be expressed in the fixed-point form as, 
 xhx  .      (5.5) 
The root of Equation 5.5 is commonly called the fixed point of the iterative function h(x). 
This form is appealing because it allows a very straightforward iterative procedure: 
  n, , , k xhx kk ,3210 ,1  .    (5.6) 
Geometrically, the root of Equation 5.5 is the intersection between the diagonal line y = x 
and the curve y = h(x) in a Cartesian coordinate system. Although the fixed-point 
iteration is easy to apply, its success critically depends on the shape of h(x). The fixed-
point iteration does not converge if the absolute value of the derivative of h(x) with 
respect to x is greater than one, i.e., |hʹ(x)| >1, over the domain that is around the root of x. 
This is the well-known fixed-point theorem and its violation leads to failure of 
convergence (Burden and Faires 2011). 
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5.4.2. Numerical behaviors of the fixed-point solution to the A– gs model 
Equation 5.4 as implemented in CLM4 is a typical form of fixed-point iteration, 
where ci is considered as the input x and the right-hand side represents the iterative 
function h: 
  )()]([65.1 iatmissi cAPcArccxh  .       (5.7) 
Whether Equation 5.7 can be solved effectively in a global simulation using the fixed-
point approach depends on its mathematical properties, as determined by calculating A 
and rs from Equations 5.1-5.2, hence h(ci) from Equation 5.7 as a function of ci, and 
examining the shape of the resulting h(ci) curve. This process is different from the 
iterative calculation of ci in that it does not repeat the iterative loop. It is equivalent to 
examining how h(x) changes with x in Equation 5.5. Only the photosynthesis model for 
C3 plants is examined here since they are the dominant species in global vegetation types. 
Figure 5.3 shows the geometrical shape of h(ci) and the effect of model 
parameters eʹa on the iterative calculation of ci. A couple of common characteristics of 
h(ci) curves are seen. First, the h(ci) curve is flat when ci is below the CO2 compensation 
point *. This occurs because in CLM4, wc and wj and hence A are set to be zero if ci is 
less than * (for details, see Oleson et al., 2010). As a consequence, h(ci) = ca (note both 
ci and h(ci) are confined to the range of 0 to ca ) as shown in Figure 5.3a. Second, as ci 
increases from *, h(ci) decreases initially with a very steep slope with |hʹ(ci)| >1; only as 
ci further increases does the slope become gentler (|hʹ(ci)| <1). The specific geometry of 
the h(ci) curve depends on model parameters in Equations 5.1-5.2. As one parameter 
varies, the absolute value of the derivative of h(ci) can equal or exceed one and so violate 
the fixed-point theorem. 
Here we show that the shape of h(ci) is very sensitive to the constrained water 
vapor pressure of canopy air eʹa and hence it is the most important parameter determining 
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whether the fixed-point approach converges. As eʹa decreases, the fixed-point iteration 
switches from convergence to non-convergence. The transition boundary occurs at hʹ(ci) 
= -1 with ci at the root ci* (Figure 5.3a). Figure 5.3a shows four typical convergence 
scenarios for fixed-point iteration given an identical initial guess ci,1 (= 0.7·ca, i.e., the 
CLM4 setting for C3 physiology; the subscript number represents the iteration step). 
Scenario I (Figure 5.3b) demonstrates the effectiveness of the fixed-point iteration when 
it converges: the solution ci* is achieved within 3 iteration steps because ci,k
 at all 
iteration steps fall in the region of the h(ci) curve where |hʹ(ci)| <1. Scenario II (Figure 
5.3c) also converges with the fixed-point approach, but it requires 10 steps to approach 
the root. This slower convergence rate is a consequence of a relatively large |hʹ(ci)| 
compared to that of Scenario I (i.e., closer to 1). Scenario III (Figure 5.3d) fails to 
converge at the root, because the iterative ci,k periodically falls onto the zone with |hʹ(ci)| 
>1, i.e., the initial guess of ci,1
 results in a value of ci,2 that falls onto the “steep declining 
zone” of h(ci); then ci,3 is a little bit larger than ci,1 and leads to an ci,4 on the same part of 
h(ci) as ci,2. The ci from the 3
rd step onward oscillates between the values of ci,3 and ci,4. 
As a consequence, consecutive values of ci fluctuate around the root but never approach 
it, regardless of the maximum iteration steps N. Scenario IV (Figure 5.3e) is similar to 
Scenario III, but with the magnitude of the oscillation of ci larger than alternating 
between 0 and ca. Since ci,2
 directly falls below * (thus A is set to be zero), and then ci,3 
equals to ca yielding ci,4 to be zero. Again, from this point, the iteration circles around but 
never reaches the root. These trajectories of ci with iteration steps shown in Figure 5.3d 
and 3e illustrate the consequences of the violation of the fixed-point theorem. 
Figure 5.4 shows that other parameters also affect the shape of h(ci) curves, but 
with a lesser degree of sensitivity by individually varying the maximum Rubisco 
carboxylation rate Vcmax, the absorbed photosynthetically active radiation ϕ, the 
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composite Michaelis-Menten constant Kco = (Kc · (1 + O / Ko ), and the CO2 
compensation point *, while keeping unchanged from boundary curve in Figure 5.3a for 
all other input variables and parameters. Figure 5.4a shows that a larger Vcmax and Figure 
5.4c that a smaller Kco produce a steeper h(ci) curve and thus failure of the convergence 
of the fixed-point iteration. When ϕ is over 500 mol photon m-2 s-1, the geometry of 
h(ci) is not sensitive to its variation, and hence ϕ has less impact on convergence (Figure 
5.4b). The * modifies the h(ci) shape in a different way (Figure 5.4d). It not only affects 
the steepness of the h(ci) curve, but also alters the width of the “flat zone” of the h(ci) 
curve. As * increases, the derivative |hʹ(ci)|  increases and the curve moves rightward 
and gradually enters the zone with |hʹ(ci)|>1, leading to the non-convergence of ci. 
To summarize, the nonlinear equation represented by the A– gs model (C3) does 
not always comply with the conditions required to ensure the convergence of the fixed-
point iteration. The shape of the equation depends on the values of parameters and input 
environmental variables. In particular, the parameter eʹa matters most for the 
effectiveness of the fixed-point approach in finding the root of ci, since ci is sensitive to rs 
(Equation 5.7), which in turn is quite sensitive to variations of eʹa. Furthermore, the eʹa 
has larger variations (strong diurnal cycle and seasonal variation) than other parameters 
involved, thus it contributes most to the numerical failure of fixed-point iteration in 
solving the A– gs model. 
5.4.3. The underlying causes for the spatial variation of the failure of fixed-point 
iteration in global simulations 
Across the land of the globe, the failure of fixed-point iteration does not occur 
randomly (Figure 5.1 and 2). The mathematical investigation of the shape of h(ci) 
provides some insights to the physical causes of the non-convergence of the fixed-point 
approach in simulating carbon and water fluxes. It can be largely attributed to the joint 
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effects of the relative humidity (RH) and air temperature in determining the water vapor 
pressure of canopy air ea (Figure 5.5). We can see that the non-convergence regions in 
Figure 5.2, e.g., the western US, eastern Amazon, southern Africa, northern Australia, 
and Eurasia, have a low RH (generally below 50%), which in turn decreases ea. Northern 
Africa has the lowest RH but does not show the non-convergence problem, because the 
associated high air temperature and thus high saturation water vapor pressure offset the 
effect of low ea on eʹa and the convergence of iteration. In addition, the sparse vegetation 
leads to an extremely low productivity in this area. Apart from northern Africa, the 
spatial distribution of the non-convergence (Figure 5.2) has a good correspondence with 
that of RH (Figure 5.5). Thus it is primarily RH that determines why the fixed-point 
scheme works for some grids but not for others. 
This high sensitivity of h(ci) to eʹa also explains why the application of the prior 
constraint can improve the convergence of the fixed-point approach (see the difference 
between Figure 5.1 and 5.2): by maintaining a higher water vapor pressure it reduces the 
steepness of the curve h(ci) (Figure 5.3) and makes the iteration more likely to satisfy the 
fixed-point theorem. 
5.5. AN ALTERNATIVE ITERATION FRAMEWORK: THE NEWTON-RAPHSON APPROACH 
The Newton-Raphson (NR) iteration scheme has been applied in climate models, 
for example, to calculate leaf temperature from energy balance equations (Oleson et al. 
2010) as mentioned earlier and to treat the complicated cloud microphysics (Neale et al. 
2010). Here we apply this strategy to solve the coupled A– gs model. The standard form 
of Newton-Raphson iteration is (Burden and Faires 2011) 
n, , , k xjxjxx kkkk ,3210),('/)(1  .               (5.8) 
Again xk and xk+1 are the iterated variable at the k
th and k+1th step; j(x) is the 
iteration function to be zeroed; and jʹ(x) is the derivative of j(x) with respect to x. Starting 
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with an initial guess, the Newton-Raphson scheme approximates j(x) by its tangent line, 
the slope of which is jʹ(x). The x-intercept of the tangent line is taken as the guess of the 
root for the next iteration step. The iteration converges if the difference between two 
successive steps, i.e., xk and xk+1, is smaller than a prescribed threshold that is close to 
zero. The converged point is the root of the nonlinear equation. Geometrically, the root of 
j(x) is the intersection between y = 0 and y = j(x). Unlike the fixed-point iteration, the 
derivative | jʹ(x)| does not need to be less than 1 for the Newton-Raphson approach to 
achieve convergence. 
To apply this new scheme to the coupled A– gs model, we reorganize Equation 5.7 
to form the iteration function 
j(x  ci )  h(ci ) ci.                         (5.9) 
For global model simulations, calculation of jʹ(x) can be computationally expensive; here 
we use a simple and typical numerical approximation (e.g., Burden and Faires 2011), 
j '(xk )  [ j(xk  j(xk )) j(xk )] / j(xk ).                  (5.10) 
The application of the Newton-Raphson scheme using this approximation 
proceeds as follows: 
(a) Assign an initial guess of ci; 
(b) Calculate A(ci) from ci according to the photosynthesis model Equation 5.1; 
(c) Calculate rs(A) according to Equation 5.2 from the A; 
(d) Calculate the function j(ci) from ci, A(ci) and rs(A) according to Equation 5.9; 
(e) Calculate an intermediate A1(ci + j(ci)) according to the photosynthesis model 
Equation 5.1; 
(f) Calculate an intermediate rs1(A1) according to Equation 5.2; 
(g) Calculate an intermediate j1(ci+ j(ci)) from ci+ j(ci), and estimated A1(ci + j(ci)) 
and rs1(A1) according to Equation 5.9; 
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(h) Obtain the approximate derivative jʹ(ci) according to Equation 5.10, where j1(ci+ 
j(ci)) and j(ci) correspond to the two terms in the numerator while the latter also 
serves as the denominator; 
(i) Update ci using Equation 5.8; 
(j) Exit the iterative loop and determine the final A and rs if the difference of ci 
between two successive steps satisfies a given convergence criterion or if the 
current iteration step exceeds the specified maximum number N; otherwise, repeat 
(b) – (i). 
The convergence criterion of ci is set here to be 0.001 Pa and the upper limit of iteration 
is N = 20. As demonstrated later, the Newton-Raphson scheme we used here rarely 
reaches this upper limit. 
In order to investigate the effectiveness of this new approach for the calculation of 
the A– gs model, we first explored the mathematical properties of j(ci) curves in a similar 
manner to h(ci): introducing variations to the j(ci) curve through systematically changing 
eʹa. Figure 5.6 demonstrates that this new approach has two benefits. First, for the two 
convergence scenarios illustrated for the fixed-point iteration (Figure 5.3b and c), the 
Newton-Raphson scheme has a much faster convergence rate, with its solution attained at 
the 2nd (Figure 5.6b) and 3rd (Figure 5.6c) iteration step for Scenario I and II, 
respectively. Second, this new scheme turns the non-convergence scenarios of fixed-point 
(Figure 5.3d and e) into convergence cases (Figure 5.6d and e) within 5 and 7 iteration 
steps, respectively. Evidently, the proposed new scheme is a more effective way for 
solving the nonlinear equations of the A– gs model, with both accuracy (or validity) and 
computational efficiency guaranteed. Its “validity” stems from the absence of a strict 
requirement for the derivative of j(ci). So the convergence does not depend on the model 
parameters. Its “efficiency” is a consequence of the mathematical properties of j(ci), i.e., 
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the value for ci at a following step always moves towards the root (Figure 5.6e). All 
comparisons here used the same initial guess as the fixed-point approach to eliminate the 
possible contribution from “a better initial guess”. 
5.6. THE EFFECTIVENESS OF THE NEWTON-RAPHSON ITERATION SCHEME FOR 
GLOBAL SIMULATIONS 
We performed two sets of global simulations with a version of CLM4 that 
implements the new Newton-Raphson iteration approach: NR_wC, a simulation that 
keeps the constraint on eʹa present, and NR_woC that removes this constraint (Table 5.1). 
These experiments follow the same protocols as FP_wC. Again, the year 1948 is 
presented only for demonstrating the superiority of this new iteration scheme; the 
historical simulations show similar. Here we used the simulations at the 20th step as 
reference since the prescribed maximum number of iteration is 20. 
We found that, with the artificial constraint, the simulated GPP is perfectly 
identical between the 19th and 20th steps (Figure 5.7a). In the western US, the 
convergence is almost achieved by the 6th step (Figure 5.7c). Further, after removing the 
constraint, the Newton-Raphson scheme can still ensure the convergence of GPP and 
transpiration. Figure 5.8 shows that with the removal of the constraint, the deviation of 
calculated GPP and transpiration from the reference attenuates with an increasing number 
of iterations. For example, GPP converges within 19 steps, while no visible disparities of 
transpiration from the reference are observed by the 15th step. Nevertheless the 
convergence speed is slower, compared to the simulations with the constraint. We found 
that setting an initial guess of ci slightly larger than the CO2 compensation point * can 
increase the convergence rate, thus improve the iteration efficiency. This is because the 
Newton-Raphson approach uses gradient for calculations at the following iteration step, 
and thus favors a larger derivative (or steeper slope) of the iteration function j(ci). 
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5.7. COMPARISON BETWEEN THE FIXED-POINT AND NEWTON-RAPHSON ITERATION 
APPROACHES 
We estimated the biases in modeled GPP and transpiration arising from the use of 
the fixed-point iteration scheme and the associated artificial constraint on eʹa. This is 
achieved through comparing the default CLM4 simulation with the version of CLM4 that 
implements the Newton-Raphson scheme and discards the constraint. Figure 5.9 shows 
that across the globe the default numerical treatment predominantly overestimates GPP 
and transpiration although over Mexico and along the southern-central edge of the 
Sahara, GPP and transpiration tend to be underestimated. Globally, a positive bias of ~2.7 
Pg C yr-1 in the simulated GPP is found. The western US has the most noticeable non-
convergence problem, with 27% overestimation of GPP and 46% for transpiration (Table 
5.2). Further, such overestimation can affect the energy portioning and hence bias the 
calculation of sensible heat flux (Table 5.2). 
The new approach proposed in this study not only remedies the non-convergence 
problems, but also guarantees the computational efficiency for the convergent grids in the 
fixed-point framework. Figure 5.10a shows that the Newton-Raphson approach works 
equally well as the fixed-point scheme at the 3rd iteration step when the latter converges, 
a consequence of it sharing similar built-in mathematical features as the fixed-point 
scheme. However, the Newton-Raphson approach works under conditions that lead to 
failure of the fixed-point iteration (Figure 5.10b). Further, it is computationally more 
efficient than the fixed-point scheme. Figure 5.11 shows the fraction of non-convergent 
land grids as a function of iteration steps. It shows that ~40% of grids cannot converge 
regardless of the number of iteration steps if fixed-point approach is used and the 
artificial constraint on eʹa is removed. In contrast, over 90% of the global land grids by 
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the 3rd step and almost all by 9th step can converge with the Newton-Raphson scheme, 
indicating its superiority. 
5.8. DISCUSSION 
Our results show that the fixed-point scheme with three iteration steps in the 
current CLM4 cannot guarantee convergence of the coupled A– gs model. This approach 
fails more frequently in some regions of the world (e.g., the western US) than in others, 
leading to regionally varying uncertainty and global biases in estimated GPP and 
transpiration. 
A mathematical examination reveals that the non-convergence arises because the 
behavior of the iterative function h(x) in CLM4 cannot always satisfy a strict 
mathematical condition, i.e., the fixed-point theorem. In particular, the effectiveness of 
the fixed-point iteration is quite sensitive to eʹa, which modifies the shape or the 
derivative of h(x) and therefore affects whether or not the fixed-point theorem is violated. 
The eʹa in turn is strongly affected by RH, thus increasing air dryness relative to 
saturation vapor pressure may shift the h(x) of some grids from convergence to non-
convergence. A number of previous studies have reported that more severe and frequent 
drought may occur in the future (Sitch et al. 2010; Solomon et al. 2009), which if so may 
lead to a spatial expansion of the failure of the fixed-point iteration in a changing climate 
and so add more bias to the existing uncertainties for model predictions. Hence, the 
default fixed-point treatment in CLM4 is not adequate for reliable simulations of carbon 
and water fluxes and may jeopardize the future projections of flux variables for regional 
or global applications. 
The application of the prior constraint on eʹa can reduce but not eliminate the 
numerical problems caused by the fixed-point method. Essentially, this constraint sets an 
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artificial lower limit to the atmospheric water vapor pressure deficit (VPD), one of the 
most important variables to which stomata respond, particularly under drought conditions 
(Gu et al. 2006). It is known that the current CLM performs poorly in simulating 
ecosystem responses to drought (Sakaguchi et al. 2011). This artificial constraint may 
have contributed to this poor performance. The application of this constraint stems from 
an attempt to fix the potential failure of the A– gs calculation, viewed as ‘numerical 
instability’ by Oleson et al. (2010). However, our analysis shows that this ‘instability’ is 
not inherent in the coupled A– gs model but rather is a consequence of applying the fixed-
point method under conditions where the mathematical requirement for convergence is 
not satisfied. Hence, the constraint on water vapor can implicitly turn an originally non-
convergent case into a convergent one by reducing the magnitude of |hʹ(x)|, leading to 
conditions that satisfy the fixed-point theorem (Figure 5.3 and 5.12). For example, non-
convergent grids emerge in the Amazon, southern Africa, and Australia with absence of 
this constraint, as seen in the differences between Figure 5.1 and Figure 5.2. This “quick 
fix” of convergence may degrade the CLM performance under water stress, as it 
artificially modifies the air dryness. Hence, the bias arising from the non-convergence 
may be small under normal conditions, but may be exacerbated during drought periods. 
This study is based on the latest released version of CLM4 (Oleson et al. 2010), 
but does not consider the revisions proposed by Bonan et al. (2011, 2012). To our 
knowledge, these unreleased updates did not change the iteration scheme and thus did not 
fix the numerical issue reported in our study. The non-convergence problem exists 
regardless of the new updates, since the fixed-point theorem is a strict mathematical 
restriction, which works only under certain conditions. Given the large variations of the 
parameters and forcing variables involved in the coupled carbon-water flux model and 
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thus the geometry of the iterative function, the fixed-point approach is not sufficient for 
convergence for global or regional applications at any time scales. 
Our study shows that the Newton-Raphson approach can ensure the convergence 
of the coupled A– gs model and thus produce numerically accurate estimates of GPP and 
transpiration, since the condition for the Newton-Raphson approach to converge is much 
more relaxed as compared to the fixed-point. Further, this new scheme performs well 
even if the prior constraint on the atmospheric vapor pressure is removed, indicating its 
effectiveness under drought conditions (Figure 5.8), which could result in more frequent 
occurrences of non-convergence if fixed-point approach is otherwise used. This scheme 
is computationally efficient for global simulations: at the points where the fixed-point 
method succeeds, the Newton-Raphson iteration converges at a similar or even faster rate 
due to their similar built-in features; for those where the fixed-point fails, the 
convergence with the Newton-Raphson can generally be achieved within 10 steps 
although longer iterations may be needed for few isolated grids. 
The Farquhar photosynthesis model is a change point model, i.e., with 
discontinuity point at the transition of ci among wc , wj and we (Gu et al. 2010 and 
Equation 5.1). This has the potential to cause failures of any iterative approach, as such 
usually requires the iterative function and its derivative to be continuous near the root 
(Burden and Faires 2011). However, the convergence would not be affected as long as 
the root is not close to the change point. In all our simulations, we did not encounter any 
discontinuity problems. Bonan et al. (2011) has included the “co-limitation” treatment to 
smooth the change point (see their Table B1), which if accounted for should make the 
proposed Newton-Raphson method more effective. 
Would changing the initial guess for ci be a “simpler and quicker fix” for the non-
convergence issue than a new iteration scheme? This strategy is ineffective as long as ci 
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falls on the “steep declining zone” of h(x), where the violation of fixed-point theorem 
occurs. On the other hand, tuning the initial guess may speed up the convergence rate of 
Newton-Raphson iteration if the new initialization happens to be close to the root. 
Speeding up of convergence can still be achieved if one locates the initial guess to be in 
the steep portion of the Newton–Raphson iteration function (Figure 5.6; e.g., with ci just 
above the CO2 compensation point) as the Newton-Raphson approach uses gradient to 
determine the next iteration step. These effects, however, would not occur to fixed-point 
iteration if the new initial guess is also on the “steep declining” portion of h(x), even if it 
is close to the root. 
For this present study we have not changed the double loop structure in the 
current CLM4 for solving leaf temperature Tv and carbon fluxes. The computational 
efficiency of CLM4 could be improved if this nested loop were replaced by 
simultaneously solving Tv and ci through the Newton-Raphson approach. However, the 
substantial modification of the current CLM4 coding structure that would be required is 
beyond the scope of this present study. It is necessary to point out that the failure of 
convergence in the CLM4 is not caused by its nested loop structure, but rather by its use 
of the fixed-point iteration approach, since this approach is restricted by a mathematical 
theorem. 
The results shown in this study are based on the year 1948. However, the spatial 
distribution of the bias caused by the fixed-point iteration and the superiority of the 
Newton-Raphson approach are quite persistent, i.e., independent of the specific year 
chosen for the demonstration purpose. 
Different iterative methods are available for solving nonlinear equations. Each 
method has its strength and weakness and no method is universally valid and efficient. 
Thus, when choosing an iterative method to solve a given nonlinear equation, the 
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numerical behavior of this nonlinear equation must be carefully analyzed so that an 
optimal method is selected. The fixed-point iteration has also been applied in other 
research areas, e.g., eddy covariance flux corrections (Aubinet et al. 2012), since it is the 
easiest and most straightforward way to be implemented. It is also possible that other 
land surface models may have employed a similar strategy to solve the coupled carbon 
and water flux model, since they share the same heritage as CLM. Our study appears to 
be the first attempt to discuss the numerical caveats of the fixed-point iteration in the 
context of land surface modeling, which could remind modelers to check the specific 
implementation of processes that require iteration, not only for CLM team, but also for 
other land surface modeling communities. 
5.9. CONCLUSIONS 
The CLM4 uses a fixed-point iteration scheme with three iterative steps to solve 
the coupled carbon and water flux model. This approach cannot guarantee convergence in 
the iterative calculation for GPP and transpiration. It fails more frequently in some 
regions of the world (e.g., the western US) than in others, leading to regionally varying 
uncertainty and global biases in estimated GPP and transpiration. The arbitrary constraint 
applied by CLM4 to the atmospheric water vapor pressure prior to the numerical 
implementation can partially cover the iteration problems of the fixed-point method; 
however, this is artificial and can cause biased estimates of carbon and water fluxes. 
Mathematically, we show that environmental factors modify the shape of the fixed-point 
iterative function and hence determine whether the conditions required for convergence 
(i.e. the fixed-point theorem) are satisfied. Because of this strong limitation, the fixed-
point iteration scheme should not be used to solve the coupled carbon-water flux model, 
given the importance of this coupled model in land surface modeling. We propose a 
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Newton-Raphson approach to replace the default fixed-point scheme. Our results show 
that the new approach can ensure convergence and is computationally efficient. Further it 
does not require the artificial constraint to the atmospheric water vapor pressure. We find 
that the default CLM4 treatment leads to a ~2.7 Pg C yr-1 overestimation of GPP 
globally, with regional bias being up to 27%. We thus suggest that the current fixed-point 
treatment in CLM4 be replaced with the Newton-Raphson approach and that the artificial 
constraint on the atmospheric water vapor pressure be removed. 
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Table 5.1. Summary of model simulations. 
 
 
* The default CLM4 scheme. 
Simulation Description 
FP_wC fixed-point scheme with the constraint on  eʹa 
*  
FP_woC fixed-point scheme without the constraint on eʹa 
NR_wC Newton-Raphson scheme with the constraint on eʹa 
NR_woC Newton-Raphson scheme without the constraint on eʹa 
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Table 5.2. Iteratively calculated JJA-mean GPP, transpiration, and sensible heat fluxes 
averaged for western United States* and for eastern Amazon†. 













N3 993 22 83 2142 58 55 
N4 787 17 86 2140 58 55 
N19 987 22 83 2140 58 55 
N20 790 17 86 2140 58 55 
FP_woC 
N3 757 15 87 2169 57 56 
N4 1034 22 83 2066 55 57 
N19 770 15 87 2160 57 56 
N20 1029 22 83 2058 54 57 
NR_wC 
N19 830 18 85 2140 58 55 
N20 830 18 85 2140 58 55 
NR_woC 
N19 778 15 87 2062 54 57 
N20 778 15 87 2062 54 57 
 
GPP is in g C m-2 yr-1 while transpiration and sensible heat flux are in W m-2. For the 
fixed-point experiments, the regional average for the 3rd, 4th, 19th, and 20th steps are 
shown to demonstrate that the non-convergence does not attenuate with increasing 
number of iteration steps; while convergence can be achieved at the 20th iteration step. 
 
* The western United States is defined as the area: 30~50oN, 130~105oW. 
† The eastern Amazon is defined as the area: 20S~EQ, 60~40W. 
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Figure 5.1. Differences of 1948 JJA-mean GPP between two successive iteration steps for 
the simulation experiment FP_wC. 
Panels show the GPP (g C m-2 yr-1) differences between two iteration steps: (a) 3rd and 
4th, (b) 4th and 5th, (c) 5th and 6th, (d) 6th and 7th, (e) 7th and 8th, (f)18th and 19th, and (g) 
19th and 20th iteration step, respectively (the iteration steps are denoted as N3, N4, ···, and 
N20). (b)-(g) are the subsets of the United States highlighted by the box region in (a). 
Here the year 1948 is chosen for demonstration of non-convergence arising from fixed-




Figure 5.2. Differences of 1948 JJA-mean GPP and canopy transpiration between the 3rd 
and 4th iteration step for the simulation experiment FP_woC. 
Panel (a) GPP (g C m-2 yr-1) and (b) canopy transpiration (W m-2). Panel (a) is similar to 





Figure 5.3. Typical convergence scenarios of the fixed-point iteration function h(ci)
* for 
the coupled photosynthesis-stomatal conductance model (C3) as formulated 
in the Community Land Model version4 (CLM4). 
These scenarios are demonstrated with representative values of model parameters and 
varying values of the constrained water vapor pressure of canopy air eʹa
†. Both the x- and 
y-axis are confined to the range from 0 to the atmospheric CO2 partial pressure ca, thus 
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the maximum values of ci and h(ci) are ca. (a) shows the impact of different values of eʹa 
on the shape of h(ci) and its derivative at the root, i.e., hʹ(ci*); (b)-(e) illustrate the 
iterative generation of ci for different scenarios in (a), identified with curve colors: (b) ci 
converges within 3 steps of iteration (solid green), (c) ci converges but beyond 3 steps 
(solid purple), (d) is a non-convergence case with ci alternating between two constant 
values in the range of 0 and ca (solid blue), and (e) is also a non-convergence scenario 
similar to (d) but with ci taking the exact value of 0 and ca in alternation (solid red). The 
four scenarios corresponds to different values of eʹa and hence the derivative of h(ci). The 
dash yellow curve in (a) represents the boundary from convergence to non-convergence, 
occurring at the root hʹ(ci*) = -1, the criterion of the fixed-point theorem. The area below 
this boundary is shaded, corresponding to the non-convergence region, where hʹ(ci*) < -1. 
The iterative solution ci* is the intersection of the h(ci) curve and the diagonal line y = x 
(solid grey), i.e., the root of h(ci) = ci. The sequences of ci,k (the subscripts k is the 
iteration step) are marked on the h(ci) curves, with black dash lines indicating the 
iteration loop. For clarity, only the first three ci,k are shown. The initial guesses ci,1 have 
the same value for all scenarios, i.e., ci,1 = 0.7·ca. The insets in (b)-(e) show the ci (Pa, the 
y axis) as a function of iteration step (from 1 to 20, the x axis) for each scenario. The 
vertical grey lines in the insets of (b) and (c) highlight the step at which the convergence 
is achieved, that is 3 steps for (b) and 10 steps for (c), respectively. Model parameters 
used to generate these curves are: the absorbed photosynthetically active radiation ϕ = 
2000 µ mol photon m-2 s-1, the maximum Rubisco carboxylation rate Vcmax = 40 µ mol m
-
2 s-1, the CO2 compensation point * = 2 Pa, the composite Michaelis-Menten constant 
Kco = 100 Pa (Kco = Kc · (1 + O / Ko )), leaf boundary-layer resistance rb = 1.0×10
-6 s m2 µ 
mol-1, and the atmospheric CO2 partial pressure ca is 28 Pa. 
 
* Refer to Equation 5.7. 
† Refer to Equation 5.3. 
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Figure 5.4. Sensitivity of the h(ci) shape to key parameters in the coupled photosynthesis-
stomatal conductance model (C3). 
The parameters investigated are: (a) the maximum Rubisco carboxylation rate Vcmax, (b) 
the absorbed photosynthetically active radiation ϕ, (c) the composite Michaelis-Menten 
constant Kco (= Kc · (1 + O / Ko )), and (d) the CO2 compensation point *. The solid red 
and solid green curves represent non-convergence and convergence cases, respectively. 
The dash yellow curves represent the boundary between the convergence and non-
convergence regions, identical to that in Figure 3a. The shaded area in each plot 
corresponds to the non-convergence region, which is below the yellow boundary in (a)-
(c) but above it in (d). The solid grey line is the reference y = x. These h(ci) curves are 
produced by varying individual parameters in (a)-(d), with all the other parameters fixed 
at the same value as the boundary curve. Note that the relative distributions of 
convergence and non-convergence region are only meaningful to the particular parameter 
under consideration and are not comparable across plots (parameters) as they are entirely 
determined by how the concerned parameter affects the derivative of h(ci) with respect to 
ci near the root when all other parameters are fixed. For example, when all other 
parameters are fixed, increasing * in (d) tends to steepen the slope of the iteration curve, 
which changes the fixed-point iteration from convergence to no-convergence and moves 
 114
the iteration curve to the upper right corner in the h versus. ci domain. In contrast, 
decreasing Kco (c) tends to have the same effect in terms of convergence but move the 





Figure 5.5. The JJA-mean (1948) relative humidity (RH) and 2-m air temperature. 




Figure 5.6. The mathematical properties of the Newton-Raphson iteration function j(ci)
* 
for the coupled photosynthesis-stomatal conductance model (C3). 
The curves displayed here correspond to those in Figure 5.3, using the same sets of model 
parameters. Here the roots of ci are achieved for all scenarios through the Newton-
Raphson approach, regardless of the derivative of the iteration function. The iterative 
solution ci* is the intersection of the j(ci) curve and the reference line y = 0 (solid grey), 
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i.e., the root of j(ci) = 0. The sequences of ci,k are marked on the j(ci) curve in (e), with 
black dash lines indicating the iteration processes and with the arrows pointing to the 
approximated derivative of j(ci)  at ci,1 and ci,2. The insets show the calculated ci (Pa, the 
y axis) at each iteration step (the x axis). The vertical grey lines in the insets of (b)-(e) 
highlight the step at which the convergence is achieved, that is 2 steps for (b), 3 steps for 
(c), 5 steps for (d), and 7 steps for (e), respectively. 
 
* Refer to Equation 5.9. 
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Figure 5.7. Differences of 1948 JJA-mean GPP between two successive iteration steps for 
the simulation experiment NR_wC. 
Similar to Figure 5.1 with exception of (a), which shows the differences of JJA-mean 
GPP (g C m-2 yr-1) between the 20th and 19th iteration step since N20 is the reference for 




Figure 5.8. Differences of JJA-mean (1948) GPP and canopy transpiration between 
iteration steps for the simulation experiment NR_woC. 
Panels (a)-(d) GPP (g C m-2 yr-1) and (e)-(h) canopy transpiration (W m-2) between the 




Figure 5.9. The bias of GPP and canopy transpiration in the default CLM4 FP_wC from 
the true estimates NR_woC. 
Differences of JJA-mean (1948) (a) GPP (g C m-2 yr-1) and (b) canopy transpiration (W 
m-2) between the 3rd iteration step of FP_wC and the 20th step of NR_woC, indicating the 




Figure 5.10. Evaluation of grid-scale GPP simulated by the fixed-point (FP) and by the 
Newton-Raphson (NR) iteration scheme at multiple iteration steps. 
Panel (a) compares the GPP (g C m-2 yr-1) simulation of NR_woC versus that of FP_woC. 
Both simulations are performed using the maximum iteration step N=3. Each dot 
represents a grid cell on land. All land grids across the globe are displayed here, 
excluding those in Antarctic. The green dots, which are located around the y = x line, 
represent grids where both the NR and FP schemes achieve convergence at the 3rd step. 
The red dots, which deviate from the y = x line, represent the non-convergence grids. (b) 
shows the GPP simulation of NR_woC with N=3 (purple, left ordinates) and with N=19 
(blue, right ordinates) versus that with N=20 for all the non-convergence grids in (a). The 
blues dots form a y = x line, indicating that the convergence of NR scheme can be 
achieved completely within 20 iteration steps. The purple dots are close to the y = x line, 
suggesting that the Newton-Raphson iteration with N=3 can yield a GPP that closely 
approaches the true value, but more iterations are needed to ensure a full convergence. 
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Figure 5.11. The fraction of non-convergent grids versus the iteration step for the 
simulation experiment FP_wC, FP_woC, NR_wC and NR_woC, 
respectively. 
The fraction is calculated as the number of non-convergent grids relative to the total land 




Figure 5.12. The iterative values of ci as a function of iteration steps. 
The values of ci (Pa) as a function of iteration steps for (a) FP_wC (green solid) and 
FP_woC (cyan dash) and for (b) NR_wC (red solid) and NR_woC (pink dash). Here a 
PFT-level iteration of one grid in western US is selected as an example to demonstrate 
the effect of artificial constrain of eʹa  on the convergence of ci. (c) and (d) show the 
fixed-point function h(ci) and the newton-raphson function j(ci) versus the input of ci with 
blue solid curves representing FP_wC (c) and NR_wC (d), and purple dash curves for 
FP_woC (c) and NR_woC(d). The grey lines are y = x in (c) and y = 0 in (d). The shifts 
of the true ci (the intersections of functional curves and the reference grey lines) indicate 
that artificial constrain of eʹa affect the final solution of ci. 
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Chapter 6:  Forest greenness after the massive 2008 Chinese ice storm: 
integrated effects of natural processes and human intervention2 
6.1. ABSTRACT 
About 10% of China’s forests were impacted by a destructive ice storm (10 
January to 6 February 2008) and subsequently subjected to poorly planned salvage 
logging in 2008. We used the remote-sensing products of Enhanced Vegetation Index 
(EVI) corroborated with information gathered from ground visits to examine the spatial 
patterns and temporal trajectories of greenness of these nearly 20 million hectares of 
forests. We found (1) the EVI of about 50% of the impacted forests returned to normal 
status (i.e., within the 95% confidence interval of the long-term mean) within five 
months, and about 80% within one year after the storm, (2) the higher the pre-storm EVI 
(relative to the long-term mean), the slower the rebound of post-storm EVI, and (3) the 
rebound of greenness was slowest in forests that were moderately impacted by the ice 
storm only (i.e. before the occurrences of logging), resulting in a nonlinear relationship 
between Greenness Rebound Time (GRT) and ice storm Impact Severity (IS). Ground 
visits suggested a hypothesis that the regional-wide rebound in greenness was a 
consequence of resprouting of physically damaged trees and growth of understory plants 
including shrub, herbaceous and epiphytic species. These processes were facilitated by 
the rapid increase in temperature and ample moisture after the ice storm. Gap-phase 
dynamics could be responsible for the obtained counterintuitive relationship between IS 
and GRT. However, a more parsimonious explanation appears to be biased salvage 
logging, which may have selectively targeted lightly to moderately impacted forests for 
                                                 
2Substantial portions of this chapter were previously published in Sun, Y., L. Gu, R. E. Dickinson, and B. 
Zhou, 2012b: Forest greenness after the massive 2008 Chinese ice storm: integrated effects of natural 
processes and human intervention. Environ. Res. Lett., 7, 035702, doi:10.1088/1748-9326/7/3/035702. The 
References section contains full citations for all articles referenced here. 
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economic and accessibility reasons and thus adversely affected the GRT of these forests. 
Although a pure natural disturbance may result in different forest greenness patterns than 
reported here, we suggest that remote sensing-based dynamic analyses of greenness can 
play a major role in evaluating disturbance theories and in developing testable hypotheses 
to guide ground-based studies of the integrated effects of large extreme events and human 
intervention on forest ecosystems. 
6.2. INTRODUCTION 
Forests currently offset a substantial portion of anthropogenic carbon emissions 
(Pan et al. 2011). The sustainability of this carbon sink is strongly affected by the 
frequency and intensity of Large Extreme Events (LEEs) (Turner and Dale 1998; 
Frolking et al. 2009) and hinges upon how quickly impacted forests can regain their 
photosynthetic capacity (e.g., Amiro et al. 2010). At present, our understanding of 
ecophysiological processes controlling the post-LEE regaining of forest photosynthetic 
capacity is very limited, which contributes to the large uncertainties in the estimated 
components and net exchanges of terrestrial carbon cycles at various scales (Liu et al. 
2011; Running 2008). Although there may have been considerable advances in the 
studies of successions of forest structures after large disturbances (e.g., Dale et al. 2005), 
these advances have yet to be transformed into understanding the functional ‘succession’ 
of forest photosynthetic capacity. In particular, ecological succession reforms landscapes 
and ecosystems at different time scales in response to LEE (Bonan 2008b), which is 
difficult to quantify for the purpose of estimating photosynthetic capacities of disturbed 
forests. Also, humans often take immediate actions to minimize economic loss after a 
sizable area of forests has been impacted by natural forces (e.g., salvage logging, Donato 
et al. 2006; Foster et al. 1997; Lindenmayer et al. 2004). As a consequence, 
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ecophysiological processes, ecological successions and intervening anthropogenic 
activities may jointly control the post-LEE regaining of forest photosynthetic capacity. 
Hence, knowledge of these joint controls is needed to develop realistic representations of 
LEEs and associated societal responses in ecosystem and earth system models (Running 
2008).  
It is difficult to conduct controlled experiments on LEEs because of their 
unpredictability and broad spatial and temporal scales. Yet a common feature of LEEs is 
their spatially heterogeneous impact which could be caused by either initially 
heterogeneous landscapes or heterogeneous disturbance forces or both (Turner 2010). 
Spatial heterogeneity can also be caused by intervening human activities which may 
selectively target the impacted landscapes for various reasons including economics, 
accessibility and conservation. This spatial heterogeneity provides a natural laboratory 
for studying the post-LEE photosynthetic rebuilding process and its controlling factors 
(e.g., Amiro et al. 2010; Pickett 1989). 
Remote sensing is an effective tool for assessing the spatial heterogeneity of the 
impact of LEEs on forests (Frolking et al. 2009; Mildrexler et al. 2009). Satellite 
greenness indices such as the Normalized Difference Vegetation Index (NDVI) (Goetz et 
al. 2006) and the Enhanced Vegetation Index (EVI) (Huete et al. 2006) have been used 
routinely to monitor photosynthetic activities at large scales. These indices measure the 
vigor of the green elements (actively photosynthesizing), i.e., the greenness, of the 
vegetation and provide a proxy for canopy biophysical/biochemical variables, e.g., leaf 
chlorophyll content, leaf area, canopy cover, and structure. Generally, a greener or higher 
vegetation index corresponds to higher canopy photosynthetic capacity (Huete et al. 
2011). A challenge is how to use remote sensing to fill our current knowledge gaps about 
natural and anthropogenic factors controlling the post-LEE photosynthetic rebuilding 
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process as remote sensing itself does not provide direct information about underlying 
ecological, biological and societal mechanisms. One approach is to employ satellite data 
to identify spatial and temporal patterns of post-LEE forest greenness and then use the 
identified patterns to evaluate existing disturbance theories or develop testable 
hypotheses to guide ground-based studies. A rare opportunity to assess this approach was 
provided by a massive ice storm that occurred in 2008 in China (Zhou et al. 2011b). 
Ice storms are common in East Asia (Zhou et al. 2011b) and in North America 
(Changnon 2003). Individual ice storms can cause losses of over millions of dollars and 
their devastating impact often dominates news headlines in winters. Yet climatological 
and ecological studies pay relatively less attention to these winter storms compared to 
extreme events that occur in warm periods of a year. Like hurricanes and tornados (e.g., 
Chambers et al. 2007; Lindroth et al. 2009), ice storms exert their impact on forests 
mainly through physical forces. 
The 2008 ice storm struck southern and central China from 10 January to 6 
February 2008 (Zhou et al. 2011b), a region of prominence for China’s terrestrial carbon 
storage (Piao et al. 2009). Record-breaking ice thickness, ranging from 60 to 160 mm, 
coated 12% of China’s territory (Figure 6.1). Direct economic losses were estimated to 
exceed $20 billion (Zhou et al. 2011b). Forests suffered massive physical destruction and 
to a lesser degree, physiological damage. The area of impacted forests with at least 10% 
standing volume loss was estimated to be about 20 million hectares, equivalent to 10% of 
China’s total forest cover. Also, the lost standing volume of the impacted area was 3% of 
the overall forest volume of the country (Zhou et al. 2011b). Impacts on forests were 
diverse across the storm region (Zhou et al. 2011b,a; Shao et al. 2011). Damage to 
individual trees included crown decapitation, stem breakage / splitting, branch snapping, 
bending, and uprooting. Some species experienced physiological damage, typically 
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showing cambium browning (Zhou et al. 2011b). At stand levels, damage ranged from 
loss of foliage to whole-stand destruction. The initial storm impact also led to some 
secondary impacts such as increased soil erosion, landslides, fires, and insect infestation 
(Zhou et al. 2011b). Poorly planned salvage logging was observed during our visits to the 
region shortly after the storm ended. In this study, we take advantage of the spatial 
heterogeneity in the ice storm impact on China’s forests to address the following 
questions: How do the degrees of ice storm impact, pre-storm vegetation growth status, 
and salvage logging jointly affect the spatial and temporal patterns of satellite-derived 
forest greenness? Can current disturbance theories explain the satellite-derived patterns 
which represent the integrated effects of natural processes and human intervention? 
6.3. DATASETS 
6.3.1. Satellite observations 
We needed a measure to quantify the Impact Severity (IS) of the ice storm itself 
on forests (without the effect of subsequent disturbance caused by salvage logging). The 
IS of a LEE on forests can be defined in numerous ways with ground-based information, 
e.g. percentage of trees (basal area / volume) damaged, the amount of coarse woody 
debris produced, reduction in photosynthetic capacity, and changes in species 
composition and ecosystem biogeochemical processes (Foster et al. 1997; Frolking et al. 
2009). These measures require carefully planned, intensive investigation with extensive 
ground-survey plots carried out shortly after the LEE is over but before regrowth or 
salvage logging takes place. This, however, was not possible for the 2008 Chinese ice 
storm. The impacted area was too large and the time window allowed to complete these 
massive tasks was too short for adequate ground-based investigation. The ground-based 
measures also require pre-storm vegetation information for reference, which was also not 
 129
available. Therefore we defined IS in terms of immediate change in post-storm forest 
greenness because it is routinely measured with remotely sensed vegetation indices. 
Our study used the Enhanced Vegetation Index (EVI) (Huete et al. 2006) products 
(MOD13A1) of the Moderate Resolution Imaging Spectroradiometer (MODIS) covering 
the period from January 2001 to December 2010. The EVI products have a spatial 
resolution of 500m and a temporal resolution of 16 days (16-day composites). We 
screened EVI values according to the associated quality flags to remove the pixels 
contaminated by clouds or aerosols (Xu et al. 2011). This study concerned only forests; 
therefore, we applied the International Geosphere Biosphere Programme (IGBP) land-
cover classification scheme to extract the forested pixels from the MODIS land-cover 
type products (MCD12Q1) (Friedl et al. 2002) with a 500m spatial resolution. To 
minimize the effects of possible disturbance events occurred before 2008 on land cover, 
we used the land-cover data at the year 2007 to identify forested areas. 
The use of satellite-derived forest greenness indices such as EVI and the 
Normalized Difference Vegetation Index (NDVI) to define the IS of a LEE has 
shortcomings. These indices tend to saturate at high leaf area indices, an issue of 
particular concern for regions with dense vegetation such as tropical rainforests (e.g., 
Brantley et al. 2011). Even though the southern and central China is mostly occupied by 
young and secondary growth forests (Zhou et al. 2011b) and is not known to have very 
dense vegetation, we decided to use EVI instead of NDVI because it is less likely to 
saturate with respect to leaf area index and more robust to different atmospheric 
conditions and different soil types (Huete et al. 2002). This characteristic is important to 
studying the ice storm impact. 
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6.3.2. The domain of storm-impacted region and its forest types 
The ice storm region (Figure 6.1) was delineated according to the number of 
freezing days (FDs) during the ice storm period (from 10 January to 6 February 2008). 
Chen and Sun (2010) determined the spatial distribution of FDs by calculating FDs at 186 
weather stations and then gridding the calculated FDs by applying an inverse distance 
weighting interpolation method. A FD was defined as a day when the daily mean 
temperature was below 1°C with precipitation accumulation (National Climate Center 
2008). An estimated area of 1.19106 km2 (12.4% of China’s territory) experienced at 
least one FD. We overlaid the FD map with the land-cover map and extracted forested 
pixels with at least one FD. 
We also examined daily mean surface temperature and precipitation records in 
2008 at three weather stations. These stations, which traversed the storm region, were 
located in Changsha (28°12’N, 112°58’E, Hunan province), Guiyang (26°25’N, 
106°44’E, Guizhou province), and Quzhou (28°58’N, 118°52’E, Zhejiang province), 
respectively. 
The ice storm region is bounded roughly by the Yangtze River in the north, the 
East China Mountains along the coast, the Nanling/Wumeng Mountains in the south, and 
the Hengduan Mountains in the west (Figure 6.1). This is a large swathe of land with 
topography conducive to the formation of ice storm (Zhou et al. 2011b). The climate of 
the region is subtropical and monsoonal with hot and humid summer and cool but short 
winter. The classification of MODIS plant functional types identifies the forests of the ice 
storm region as mostly deciduous broadleaf forests (~60%) with smaller portions of 
evergreen needleleaf and and evergreen broadleaf forests (~20% each type). However, 
later we will present evidence that forest types did not affect the relationships among key 
variables of interest to this study. Both naturally regenerated forests and plantations exist 
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in the region. Popular species for plantations include the native species of Pinus 
massoniana (Lamb.), Cunninghamia lanceolata (Lamb.), and Phyllostachys heterocycla 
var. pubescens and exotic species Pinus elliottii Engelm, Pinus taeda L. and Eucalyptus 
spp. The species of natural forests are extremely diverse as this region is one of the 
biodiversity hotspots in China (Liu et al. 2003; Tang et al. 2006). 
6.3.3. Ground visits 
Ground visits were part of large efforts to investigate the socioeconomic-
ecological impact of the ice storm (Zhou et al. 2011b). Between April and November 
2008, two of my collaborators (Drs. Lianhong Gu and Benzhi Zhou), together with their 
collaborators, visited the counties of Yongxing, Zixing, and Guiyang in Hunan province, 
the Nanling Natural Reserve in Guangdong province, the Dagangshan Mountain and the 
Qianyanzhou Ecological Research Station in Jiangxi province, and the Jianglangshan 
Natural Reserve in Zhejiang province. Through these visits, we assessed the impact of the 
ice storm on forests, the post-storm vegetation growth, and the activities of villagers in 
damaged forests. The objective of these visits was on the extent of the ice storm impact 
and thus the information collected was largely qualitative except at the ecological 
research stations in the Nanling Natural Reserve and the Jianglangshan Natural Reserve 
where quantitative measurements were made and continued thereafter. We observed 
widespread resprouting of decapitated, uprooted or otherwise damaged trees. Understory, 
herbaceous and epiphytic growth under destroyed or open canopies was pervasive and 
lush green covered the ground as early as in April. 
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6.4. METHODS 
6.4.1. The standardized detrended vegetation index (SDVI) 
We quantified the IS of forest pixels by transforming EVI into a Standardized 
Detrended Vegetation Index (SDVI), hence removing long-term trends and seasonal 
variations from the original 16-day composite data and allowing the resulting SDVI to be 
compared across time and across pixels for disturbance effects. 
We first performed linear detrending to remove the long-term trend in the quality-
checked EVI time series. This step was necessary because forests in the storm region 
were mostly young secondary regrowth forests and plantations (Zhou et al. 2011b) and 
because climate in past decades may have experienced systematic changes with 
consequences on long-term forest primary productions (Zhao and Running 2010). The 
detrending was done independently for each MODIS 16-day composite period according 
to the following equation: 
)( 10 ijjjijij tbbVIDVI  ,    (6.1) 
where ijDVI refers to the detrended EVI of the calendar year i (2001-2010) at the 16-day 
period j (Day Of Year, DOY 001 - 353); ijVI  the EVI of this period; ijt the time of the 
current period since the starting period of the time series (DOY 001, 2001); jb0 and jb1  
two regression coefficients for period j . 
The detrended EVI still cannot be used directly in the analysis because even in 
normal years this index would differ from pixel to pixel and vary seasonally to 
interannually as the original EVI does. To detect and quantify the impact of a disturbance 
on forests in a heterogeneous region, some standardization procedures must be adopted 
so that normal variations in time within a pixel and across pixels are removed and only 
signals caused by the disturbance are retained. We therefore standardized the detrended 
 133
EVI with respect to its long-term mean and variance in each 16-day period of each year 








 ,    (6.2) 
where ijSDVI  refers to the Standardized Detrended Vegetation Index (SDVI) of the 
calendar year i at the 16-day period j ; jmDVI and jDVI represent the multi-year mean 
and standard deviation of the detrended EVI for the 16-day period j , respectively. 














1 .        (6.4) 
The standardization removed the normal seasonal variation of ecosystem 
physiology in response to regular progression in climate and eliminated pre-existing 
spatial differences in vegetation states. Statistical tests and cross-examinations described 
later confirmed the robustness of our detrending and standardization procedures. 
Approaches for detecting disturbances with multiple remote sensing data streams have 
been developed in previous studies (Mildrexler et al. 2009). Our approach is employed 
here because similar approaches have been proven to be effective in previous studies 
(Goetz et al. 2006; Chen and Sun 2010; Xu et al. 2011) and because we were interested in 
an index that is correlated with forest photosynthetic capacity (Goetz et al. 2006; Huete et 
al. 2006). 
6.4.2. The 95% confidence interval 
The IS was objectively determined with SDVI, following the framework shown in 
Figure 6.2. To establish an objective criterion for detecting impacted pixels and for 
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determining IS and Greenness Rebound Time (GRT), we computed the 95% confidence 
interval (CI) for the long-term mean SDVI using the time series from January 2001 to 
December 2010. The 95% CI was then used as a benchmark for quantifying the ice storm 
impact (Figure 6.2). The use of a 95% CI was statistically necessary because EVI varies 
both seasonally and annually even under normal conditions and these normal variations 
must be removed in order to evaluate the true disturbance signal. Although it is not a 
biologically-based criterion, its use is justifiable as this study is concerned with neither 
the total area of forests impacted nor the total biomass lost and only relative measures are 
of relevance to our objective. 
6.4.3. Impact severity (IS) and greenness rebound time (GRT) 
To facilitate the detection of impacted pixels and determination of ice storm 
impact severity and greenness rebound time, we fitted a sigmoid function to the post-
storm SDVI time series in each pixel (Figure 6.2). The sigmoid function and its variants 
have been previously used in phenological analyses of vegetation index (Fisher et al. 












 ,    (6.5) 
where )(tV  is the modeled SDVI at time t ; 0y , 0t , a , b are function parameters to 
be estimated. The post-storm SDVI time series started with the 4th EVI composite period 
of 2008 (DOY 049) and ended with the last composite period of 2010 (DOY 353). The 
first three MODIS composite periods in 2008 coincided with the long-lasting ice storm 
and were excluded from the fitting to avoid heavy cloud contamination and snow/ice-
covered grounds. To ensure that the sigmoid function was well constrained during the 
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crucial phase of post-storm vegetation photosynthetic recovery, we considered only those 
pixels with at least three quality-ensured points during the first nine MODIS composite 
periods in the post-storm SDVI time series. The empirical parameters in the sigmoid 
function were estimated with an optimization algorithm described elsewhere (Gu et al. 
2010). 
The detection of impacted pixels and the determination of ice storm impact 
severity and greenness rebound time were based on the optimized sigmoid function. We 
calculated the reduction of SDVI from its long-term mean (zero) on 1 March 2008 with 
the optimized function and used the obtained value as an index of IS to measure the direct 
effect of the ice storm. Dates before 1 March were close to the beginning of the time 
window used in the fitting, and the value of the optimized sigmoid function might not be 
reliably constrained. From 1 March onwards (three weeks after the storm ended), 
temperatures across the region rose rapidly and vegetation regrowth started. Warmer 
temperature may also allow salvage logging to proceed. Therefore, the SDVI value on 1 
March should be free from the effects of regorwth and salvage logging and thus reflect 
the direct impact of the ice storm only. Thus we use it as an appropriate index of ice 
storm impact severity.We considered a pixel impacted by the ice storm if its IS value was 
outside the 95% CI of the long-term mean SDVI (Figure 6.2). 
To provide a measure of how quickly the greenness of an impacted pixel 
rebounded, we calculated the time when the optimized sigmoid curve crossed the lower 
threshold of the 95% CI. The greenness of a given impacted pixel was considered 
restored to its long-term mean when the fitted sigmoid curve crossed the lower threshold 
of the 95% CI. The rebound time, i.e., GRT, was then defined as the number of days 
between the ending date of the ice storm (6 February 2008) and the date when the 
greenness was restored. GRT should reflect the integrated effects of natural processes as 
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well as salvage logging if occurred, while IS should measure the direct impact of the ice 
storm physical forces only. 
Furthermore, we determined the mean SDVI for the previous main growing 
season (May to October 2007). The 2007 Mean growing season SDVI could be 
considered as a measure for the pre-storm vegetation growth status relative to the long-
term mean and thus be used to investigate how pre-storm vegetation growth status might 
interact with the storm to determine the impact. 
The post-storm spatial and temporal patterns of forest greenness were analyzed in 
terms of the quantifiable variables of IS, GRT and pre-storm growing season SDVI. The 
use of a 95% CI in the analysis was not a biological mandate but a statistical necessity. 
EVI varies both seasonally and annually even under normal conditions and these normal 
variations must be considered in order to tease out the true disturbance signal. Using a 
different threshold may affect the determination of the total area of forests impacted or 
the total biomass lost, neither of which is the focus of this study. For our objective, only 
relative measures of disturbance impact are of importance and the criterion of a 95% CI 
satisfies our needs. Nevertheless we understand any spatial and temporal patterns 
identified with this criterion will be of statistical nature in general and their ecological 
implications will have to be examined within this context. 
6.4.4. Validity of methods 
The validity of the methods used was examined in multiple ways. The 
determination of a 95% CI usually assumes that the data are sampled independently from 
a normal distribution; we therefore conducted the Jarque-Bera (JB) test (Jarque and Bera 
1987) to check the normality of the long-term SDVI time series to ensure the validity of 
the calculated 95% CI for each pixel. We found that the null hypothesis (the sample came 
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from a normal distribution) could not be rejected for ~85% of the total quality-assured 
forest pixels at the 5% significance level. The JB test affirmed the effectiveness of the 
employed standardization and detrending procedures for producing temporally 
uncorrelated time series of SDVI. We compared the impact severity – greenness rebound 
time relationships based on the pixels that the null hypothesis was not rejected with those 
based on all impacted pixels and found the results to be similar. 
A second test with respect to the calculation of 95% CI concerned the possible 
scenario that the occurrence of an extreme event in a short period might cast a strong bias 
in the data. We computed the corresponding 95% CI by excluding the ice storm period. 
Again, similar patterns on impact severity versus rebound time were found. Additionally, 
we tested an exponential function    00 exp1 ttbaySDVI   in the fitting and 
found that the results were similar to those obtained from the sigmoid function. 
We further investigated whether the response of SDVI to disturbance had a 
residual seasonal dependence even after standardization was performed, e.g the dormant 
season SDVI might be less sensitive to disturbance impact than the growing season 
SDVI. We compared the impact severity – greenness rebound relationships obtained with 
and without inclusion of the data from winter periods and again found the results to be 
similar. 
Finally, we checked whether the phenological differences between evergreen and 
deciduous forests might have confounded the obtained results. Our concern was that the 
inter-annual variability of spring green-up of deciduous forests may be larger than that of 
evergreen forests. Independent analyses were thus conducted for evergreen and 
deciduous forests. We found that the results for the two contrasting forest types were 
similar to each other and also consistent with those when all forest pixels were pooled. 
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To conclude, all statistical tests and cross-examinations confirmed the validity of 
our approach and the robustness of our findings. We therefore presented the results with 
all impacted forest pixels included so that the sample size was as large as possible. 
6.5. RESULTS 
The spatial distribution of forest pixels with IS below the 95% CI and thus 
identified as impacted by the ice storm is given in Figure 6.3. The locations were mostly 
mountainous regions where ice storm damages to forests were reported in ground-based 
studies (Zhou et al. 2011b,a; Shao et al. 2011) and also observed in our ground visits. 
These pixels tended to cluster and be more highly impacted in the mountains of 
Wuyishan, Jinggangshan, Lushan, and Wugongshan. Nevertheless, IS varied widely 
across space, with different degrees of impact occurring in close proximity. The 
probability density function (PDF) for the spatial variation of IS was a skewed unimodal 
distribution with a long tail towards high IS (Figure 6.4), indicating factors determining 
the degree of the ice storm impact may not be completely random and the ice storm 
caused extreme reduction in the relative values of EVI of some pixels. 
The GRT also showed large variations occurring on a small scale (Figure 6.3b). 
Similar to that of IS, the PDF of GRT was also a skewed unimodal distribution with a 
long tail towards protracted restoration of greenness (Figure 6.4b). It had a peak around 
mid-May 2008 (GRT ~100 days). About 50% of the impacted pixels had the greenness 
restored to within the 95% CI of their long-term mean by early-July 2008 (GRT ~150 
days), and about 80% within approximately one year after the storm (Figure 6.4b). 
The IS, pre-storm growing season SDVI and GRT formed a tight relationship in 
the 3D space (Figure 6.5a). A local regression model (LOESS) fit the 3D scatter plot well 
(Figure 6.5b). Both the 3D plot and its cut-through views (Figure 6.5c and d) indicated 
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that the three variables varied highly nonlinearly with each other. Higher pre-storm 
growing season SDVI tended to correspond to longer GRT for a given IS (Figure 6.5d). 
Given the close resemblance between the IS and GRT PDF distributions (Figure 
6.4), one might anticipate that GRT would be a monotonic function of IS, i.e., the more 
severely a pixel was impacted by the ice storm, the longer it would take for greenness to 
rebound. The observed relationship, however, showed that the maximum GRT occurred 
at an intermediate level of IS (Figure 6.5a and c). For lightly to moderately impacted 
forests, GRT indeed increased with IS. This is in contrast with moderately to severely 
impacted forests for which GRT shortened with increasing IS (Figure 6.5a and c). 
6.6. DISCUSSION: POTENTIAL NATURAL AND ANTHROPOGENIC CAUSES OF OBSERVED 
PATTERNS 
Overall, the post-storm greenness rebounded quickly even though the physical 
damage caused by the ice storm to the forests was massive. This fast rebound was likely a 
consequence of combination of abiotic and biotic factors. Shortly after the storm ended, 
temperatures in the region rose rapidly and precipitation was ample throughout the year 
(Figure 6.6). These favorable environmental conditions may have facilitated regional-
wide regrowth of vegetation as seen in similar studies of other disturbances elsewhere 
(Law et al. 2002). Also the newly available nutrients released from dead biomass after 
disturbance may have stimulated vegetation regrowth (e.g., Franklin et al. 1987). Site 
visits between April and November 2008 by the authors revealed fairly thick growth of 
understory shrub / herbaceous / epiphytic plants taking advantage of an improved forest 
floor light environment under broken canopies. This response is a benefit of high species 
diversity in the storm region, one of the main biodiversity hotspots in China (Liu et al. 
2003). Furthermore, tree species in the impacted region appear to have exceptional 
resprouting capacities (Nanami et al. 2004), an important life history strategy for 
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persistence and quick recovery in tropical and subtropical forests (Poorter et al. 2010). 
Indeed, widespread resprouting of physically damaged trees was observed throughout the 
region (Figure 6.7). Although forest greenness rebounded rapidly, forest structure and 
some ecosystem functions, e.g., living biomass volume and carbon balance, may take 
decades or even longer time to recover (e.g., Amiro et al. 2010). 
It is possible that anomalously high pre-storm growth relative to the long-term 
mean may have resulted in more post-storm necromass production, leading to increased 
fuels for fires (Zhou et al. 2011b); or, thicker biomass debris at better growth sites in 
2007 relative to the long-term mean may have covered the ground and adversely affected 
post-storm understory growth in response to rapidly rising temperatures (Figure 6.6). 
The exact causes of the satellite-derived patterns in forest greenness are difficult 
to ascertain because there is limited ground information on vegetation before and after 
the storm. However, it is interesting to compare these observed patterns with predictions 
of existing ecological disturbance theories. The insurance hypothesis suggests that higher 
species diversity can reduce the realized impact of a disturbance (Tilman 1996; Hughes et 
al. 2007). Ecologists also believe uncommon or rare species can play a pivotal role in the 
response of ecosystems to disturbances (Lyons et al. 2005; Duffy 2009) and that higher 
functioning and more stable ecosystem services over time are maintained by more diverse 
plant communities (Isbell et al. 2011; Allan et al. 2011). The region impacted by the ice 
storm is known for its high species diversity and our post-storm ground visits observed 
thriving shrub / herbaceous / epiphytic species under damaged canopies. Thus it is 
reasonable to suggest that species that normally do not dominate forest structures may 
have played a major role in the satellite-derived rapid rebound of forest greenness after 
the 2008 Chinese ice storm. If so, then our study appears to support the insurance 
hypothesis and the uncommon species hypothesis, suggesting that these hypotheses, 
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which have been developed primarily from studies at scales much smaller than the 
massive ice storm, may transcend scales. The existing disturbance theories can be 
broadened by explicitly considering diversity in the life-history strategy of species as our 
ground visits suggested that resprouting of physically damaged trees may be also 
important for the rapid rebound of forest greenness. Dr. Xu Wang of the Chinese 
Academy of Forestry conducted a survey at the Nanling Natural Reserve (Figures 6.3 and 
6.7) and found that all dominant tree species resprouted (Wang 2012). These species 
included R. simsii Planch., E. muricata Dunn., R. kwangtungensis Merr., L. chinensis 
Oliv., R. latoucheae Franch., I. chinensis Sims., M. kwangtungensis Yang., D. oldhamii 
Dosenth., D. macropodium Miq., C. Hui chun., C. fordii Hance., C. eyrei Tutch., C. 
Carlesii, C. fargesii Franch., S. sinensis Hemsl., C. glauca Oerest., E. sylvestris Poir., C. 
lamontii Hance., G. japonica Miq., H. cochinchinensis Lour., M. oldhamoo Maxim. The 
rate of resprouting ranged from 40 to 100% (Wang 2012). 
It is challenging to explain the occurrence of longest GRT at some intermediate IS 
(Figure 6.5). According to the theory of gap-phase dynamics (Franklin et al. 1987; 
Osborne 2000), greater canopy gaps may be created in more disturbed forests, allowing 
more light and nutrients available to r-selected species for opportunist growth. As a 
result, more severely impacted forests had faster restoration of greenness. However, this 
cannot explain why GRT initially increased from lightly to moderately impacted forests. 
It is possible that relatively mild impact may have prevented the gap effect from being 
realized, a phenomenon that has been reported in previous studies (Hubbell 1999). If so, 
the temporal patterns of greenness of lightly to moderately impacted forests may largely 
reflect the changes of overstory canopies. The secondary hazards that occurred after the 
initial storm impact (Zhou et al. 2011b) could also contribute to the GRT – IS 
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relationship if they took place more frequently in intermediately impacted forests. 
However we do not have information to confirm or refute this hypothesis. 
The observed nonlinear pattern between the impact severity and greenness 
rebound time bears a striking similarity to the Intermediate Disturbance Hypothesis (IDH, 
Connell 1978). IDH states that highest species diversity is achieved at an intermediate 
level of disturbance, since extremely high level of disturbance (or frequent disturbances) 
are likely to lead to extinction of all species while very low disturbance (or infrequent 
disturbances) allow the most competitive species dominate, which also results in a low 
species richness. Can IDH explains the correspondence between the intermediate IS and 
longest GRT? Given the similar geometrical shape of IDH and the nonlinear IS-GRT 
pattern (Figure 6.5), it seems natural to build some causal relationship between them. In 
our case, IS might be a comparable measure to disturbance frequency or intensity that are 
used in IDH. If so, an intermediate IS would correspond to the maximal species diversity, 
which in turn would lead to fastest forest rebound, given the positive relationships 
between biodiversity and recovery rate as discussed before. This is in contradiction to 
what we found in Figure 6.5. The IDH has been questioned by recent studies (e.g., Fox 
2012; Violle et al. 2010), and our study provides some additional evidence for such 
arguments. Our analysis is based on a single event and is not placed in a historical 
context of assessment of disturbance frequencies. Thus, IDH is probably not an 
appropriate mechanism for explaining the nonlinear IS-GRT pattern. 
An alternative and more parsimonious explanation is that salvage logging after 
the ice storm preferentially targeted lightly to moderately impacted forests. Previous 
studies have shown that salvage logging can be detrimental to post-disturbance 
vegetation regrowth (Lindenmayer et al. 2004; Donato et al. 2006). Substantial salvage 
logging occurred after the ice storm. In 2008, the State Forestry Administration of China 
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received requests for increasing logging quota from provinces affected by the ice storm 
and approved an average increase of 65% in logging quota (Figure 6.8). Our field visits 
observed salvage logging activities that were apparently carried out hastily with limited 
planning as they took place shortly after the storm ended. Previous studies have shown 
that salvage logging can increase mortality of seedlings and saplings that have survived 
the initial disturbance, create new disturbance to soil and microhabitat, and remove 
nutrients from dead trees that would otherwise be available for new growth (Lindenmayer 
et al. 2004; Donato et al. 2006; Thompson et al. 2007). Salvage logging may also 
undermine resprouting and damage forest floor vegetation that would otherwise flourish 
in an improved post-disturbance light environment and so contribute substantially to total 
photosynthesis at the site until the canopy is closed (Peterson and Pickett 1991; Roberts 
2004; Lasso et al. 2009; Poorter et al. 2010). 
Forests in the 2008 ice storm region were under the jurisdiction of the Natural 
Forest Conservation Program and the Grain to Green Program (Figure 6.1), which are 
major top-down national policies designed to restore and preserve ecosystem services 
(Liu et al. 2008). However, these programs had no provision regarding what human 
intervention was appropriate following natural disturbances. The scale of salvage logging 
within the ice storm region can be inferred from the changes of the 2008 logging quota 
approved by the State Forestry Administration of China for provinces to conduct salvage 
logging of forests impacted by the ice storm. Across the region, the logging quota jumped 
by 65% in 2008 (Figure 6.8). Salvage logging activities were observed in every county 
we visited. These activities appeared to be not well organized (Figure 6.9) and may have 
occurred even before the logging quota requests were filed. There was no direct 
information on how badly the logged forests were damaged by the ice storm. However 
some indirect evidence could be found from trees left at logging sites. Oleoresin tapping 
 144
on pines (e.g. Pinus massoniana Lambert) is a common practice in the storm region 
(Zhou et al. 2011b). This technique creates a weak spot on tapped stems. Under heavy 
load of ice, pines whose stems had been excessively tapped for oleoresin tended to break 
right at the bark chipping spot. At logging sites, we often found standing pines with barks 
badly cut for oleoresin tapping, an indication that the damage caused by the ice storm was 
probably not very severe and salvage logging may not be justifiable (Figure 6.9b). 
Salvage logging might have occurred preferentially in lightly to moderately 
impacted forests for several reasons even though we only had indirect evidence of this 
bias (Figure 6.9). Extensive stem breakage/splitting at various heights of severely 
impacted forests lowered the market value of their harvested timber relative to that of 
lightly to moderately impacted forests and so their appeal for logging. Also, the lightly to 
moderately impacted forests may have been more accessible for logging than those 
severely impacted, which tended to be located at higher elevations or on mountain tops 
(Zhou et al. 2011a; Shao et al. 2011). Note that the observed relationships (Figure 6.5) 
could not be explained by replanting of trees in severely impacted forests because the 
relationship emerged months to a year after the storm ended and regional-wide replanting 
could not be accomplished in such a short time. Without the intervening effect of salvage 
logging, the obtained nonlinear GRT-IS relationship may be quite different. 
These findings and explanations need to be further validated through ground 
observations, e.g., eddy covariance measurements and chronosequences techniques (e.g., 
Amiro et al. 2010). They may be also region-specific (i.e. they may not be applicable to 
pure natural disturbances, which are difficult to find in places such as southern China). 
The carbon balance pre- and post-storm may be a more important way to reflect forest 
recovery than greenness. For carbon balance, spatial scaling is an important issue (Liu et 
al. 2011) and would require more work than conducted here. Some theoretical or 
 145
empirical ecological models (Lindroth et al. 2009; Chambers et al. 2007) have been used 
to study storms; these models may be used to study the ice storm although they will need 
to explicitly consider human factors. 
6.7. CONCLUSIONS 
The rapid rebound of forest greenness after the massive 2008 ice storm in 
southern and central China will help the region’s forests regain their carbon sink 
potential. The spatial and temporal patterns of forest greenness after the storm could be 
explained in the context of natural processes including species diversity, life-history 
strategy of trees, and gap-phase dynamics as well as human intervention, i.e., salvage 
logging, although further ground-based studies are needed to pinpoint the exact causes. 
Major findings from this study reflect the integrated effects of natural processes and 
human intervention and thus may not be applicable to pure natural disturbances. 
Nevertheless, the methodology developed may be equally effective to other destructive 
natural disturbances such as hurricanes, tornadoes and fires. Although remote sensing 
does not provide direct information about mechanisms controlling the impact dynamics 
of large extreme events, it can be used to construct the pre- and post-event spatial and 
temporal patterns of vegetation conditions, which can then be applied to test extant 
disturbance theories or develop new hypotheses to guide ground-based studies. To 
represent disturbance impact realistically, carbon cycle models may have to explicitly 
consider species that under normal conditions may not contribute much to forest primary 
production but are nevertheless important to the post-storm rebuilding of photosynthetic 
capacity. These models may also have to employ mechanisms (e.g. rapid mobilization of 
carbon reserves) to enable roles of life-history strategies of species (e.g. resprouting) in 
simulating post-disturbance vegetation dynamics. Potential human intervention must also 
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be considered in these models. A close collaboration between the remote sensing 
community, experimental and theoretical ecologists, social scientists, and large-scale 
modelers is needed to advance the study of large extreme events and associated human 
intervention. 
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Figure 6.1. Spatial distribution of the number of freezing days (FDs) during the 2008 
Chinese ice with the Natural Forest Conservation Program (NFCP) and the 
Grain to Green Program (GTGP) of China as the background. 
The duration of the ice storm is from 10 January to 6 February 2008 (Chen and Sun 
2010). The NFCP and GTGP map is reproduced from Liu et al. (2008). Red line 





Figure 6.2. Objective determination of the impact severity (IS) and greenness rebound 
time (GRT). 
The long-term time series of Standardized Detrended Vegetation Index (SDVI) of pre- 
and post-disturbance is used to establish its inter-annual variability - the 95% confidence 
interval (CI), which serves as a benchmark for both detecting the impacted pixels and 
determining their IS and GRT. A sigmoid function* is fit to the post-disturbance SDVI 
time series. The IS is measured by the reduction of SDVI from its long-term mean (zero), 
calculated with the optimized function at a time right after the disturbance. An impacted 
pixel has an IS value outside the 95% CI, and its greenness rebounds when the optimized 
curve crosses the CI lower threshold. 
 




Figure 6.3. Spatial distribution of IS and GRT of impacted forests in areas with at least 
one freezing day. 




Figure 6.4. The probability density function (PDF) of IS and GRT.  
Panel (a) impact severity and (b) greenness rebound time. Blue bars denote the spatial 
fraction of each bin, and the red curves represent the fitted PDF using a distribution of 
generalized extreme value. The cumulative distribution function (CDF) of greenness 




Figure 6.5. GRT as a function of IS and the mean SDVI for the main growing season 
prior to the storm (pre-storm SDVI).  
Panel (a) The 3D scatter plot, surface-fitted with a local regression model (LOESS, green 
surface) with values of IS and pre-storm SDVI each binned at 0.05 intervals for clarity. 
(b) The goodness of surface fitting. (c) A slice in the GRT-IS plane at pre-storm SDVI = 
0, showing GRT as a nonlinear function of IS. (d) A slice in the GRT - pre-storm SDVI 
plane at IS = 1.0 (red) and another at IS = 2.0 (blue), showing GRT as a nonlinear 




Figure 6.6. Daily mean surface temperature and precipitation accumulation of 2008 at the 
meteorological stations of Changsha, Guiyang, and Quzhou.  
The daily mean surface temperature is shown in left ordinate (red curves) and 
precipitation accumulation shown in right ordinate (blue bars). Panel (a) Changsha 
(28°12’N, 112°58’E), (b) Guiyang (26°25’N, 106°44’E), and (c) Quzhou (28°58’N, 




Figure 6.7. Sprouts of fallen trees in the Nanling National Natural Reserve and the 
Jianglangshan Natural Reserve.  
Pictures were taken at (a) the Nanling National Natural Reserve (24°55’N, 113°01’E) in 
the province of Guangdong, October 2008 and at (b) the Jianglangshan Natural Reserve 




Figure 6.8. Changes of the 2008 logging quota approved by the State Forestry 
Administration of China for provinces to conduct salvage logging of forests 
impacted by the ice storm.  
Yellow bars denote the originally planned annual quota (104 m3) for each province by 
the central government for the 11th five-year blueprint period (2006-2010); green bars 
denote the actual quota for 2008 to compensate for salvage logging. Red bars represent 
the percentage increase of the actual logging quota in 2008 over the originally planned. 
The central government’s logging plan is reviewed every five years (complying with the 
five-year blueprint) and any unused quota rolls over from year to year during each five-
year period. The provinces of Anhui and Hubei did not request for logging quota increase 
because the rollover of logging quota from previous years was sufficient to compensate 




Figure 6.9. Observed salvage logging in the aftermath of the ice storm.  
The salvage logging was observed in Guiyang County, Hunan province on 28 April 2008. 
Note that a Masson’s Pine (Pinus massoniana Lambert, B), whose bark was badly cut for 
oleoresin tapping, is still standing, indicating that ice load at this particular location was 





Chapter 7:  Conclusions 
7.1. SUMMARY 
I have improved the plant physiology, ecology, and numerical treatments in the 
Community Land Model (CLM), one of the state-of-art land surface models for climate 
and carbon simulations. The research presented in Chapter 2, 3, 4 addresses the scientific 
questions related to the effects of mesophyll conductance of CO2 inside leaves on global 
carbon cycles. I answered these questions by integrating leaf-level data analyses and 
modeling with global-scale simulations based on models I have developed or improved. 
Chapter 5 corrects a numerical deficiency with respect to the coupled calculations of 
photosynthesis and transpiration that has been overlooked previously by the land surface 
modeling community. Chapter 6 presents a quantitative framework to evaluate the impact 
of disturbances on ecosystems with a case study of the massive ice storm occurred in 
China in 2008. This framework sets a foundation for future representation of disturbances 
in large-scale models. The conclusions drawn, modeling framework developed, and 
general concepts proposed from this dissertation can be extended to other large-scale 
models for carbon cycle simulations. The research presented here informs potential 
avenues to reduce model uncertainties and to advance understanding carbon-climate 
coupling. 
In an effort to integrate an explicit treatment of mesophyll conductance into LSMs 
in a way that is consistent with latest understanding of fundamental photosynthetic 
processes, I start with a meta-analysis of leaf-level gas exchanges measurements for C3 
plants to quantify the effect of mesophyll conductance on photosynthetic parameters and 
functional relationships among them (Chapter 2). The results show that the assumption of 
infinite value of gm, which is commonly used by current LSMs, leads to substantial 
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underestimation of key parameters in the photosynthesis model, i.e., Vcmax (up to 75%),  
Jmax (up to 60%), and TPU (up to 40%). The three parameters show varying sensitivities 
to gm variations (Vcmax the most and TPU the least). Because of such differential 
sensitivity, a biased estimation of interdependences among these parameters would occur 
under the assumption of infinite gm with the net consequence of overestimating the slope 
between Jmax and Vcmax and that between TPU and Jmax. Moreover, this assumption limits 
the freedom of variation of estimated parameters and artificially constrains parameter 
relationships to stronger couplings. I further find a nonlinear model to link the parameters 
estimated under the infinite gm assumption (“apparent” parameters) to proper values if an 
estimated gm is available (“true” parameters), which can be applied to large-scale carbon 
cycle modeling. This research is reliant on extensive measurements worldwide and so 
provides a benchmark to quantify how gm shapes photosynthetic parameters, and further 
paves ways for recalibration of parameters in LSMs that are compatible with gm 
inclusion. To my knowledge, it is the first time such an analysis has been done. 
Chapter 3 present a simple but realistic parameterization of gm based on the 
synthesis of new advances in plant physiological studies. In this formulation, gm is 
calculated from its association with plant functional types and its dependence on 
environmental conditions. We implement this parameterization in the Community Land 
Model version 4a (CLM4a), a representative land component of climate models. We also 
recalibrate the key photosynthetic parameters to maintain the consistency between model 
structure and associated parameters. To my knowledge, it is the first time a global 
mesophyll conductance model has been developed and implemented in a global land 
surface model. With the modified CLM4a, we investigate the impact of gm on the global 
terrestrial gross primary production (GPP). Our simulations show that the inclusion of gm 
slightly increases the estimated mean global annual GPP over the period of 1982-2004 by 
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~9 Pg C yr-1. This increase in GPP is throughout the globe but particularly large in the 
tropics. We further found that omission of the mesophyll diffusion process can 
underestimate the potential of GPP stimulation to rising atmospheric CO2. The trend of 
such discrepancy is about 27 Pg C y-1 per 1000 ppm, with the tropics playing the major 
role. This systematic trend is strongly influenced by climate variability. This study 
provides a benchmark to demonstrate the role of gm in terrestrial carbon simulations at 
global scales. 
With the global gm modeling framework and benchmark simulations in Chapter 3, 
Chapter 4 quantifies the global consequence of gm to the CO2 fertilization effect on GPP. 
This underestimation occurs because tuned apparent parameters do not represent the 
underlying properties of limiting biochemical processes and they only work 
phenomenologically for narrow measurement conditions. From 1850 to 2004, the global 
gross primary production may be underestimated by a cumulative total of 113 to 148 Pg 
C, a magnitude equivalent to one full year’s gross photosynthesis of the global terrestrial 
biosphere or to the entire global fossil CO2 emissions from 1850 to the mid-1970s. The 
terrestrial biosphere may be more CO2-limited and absorb more carbon with increased 
atmospheric CO2 concentrations than previously thought. 
Along the way to implement the global mesophyll conductance model in CLM4a, 
I serendipitously found a numerical “instability” of CLM in its iterative calculations of 
photosynthesis in the coupled photosynthesis-stomatal conductance model. Chapter 5 
analyzes the cause of this issue and proposes a solution. The results demonstrate that the 
fixed-point iteration approach used to solve the coupled model cannot ensure 
convergence because a strict mathematical requirement, i.e., the fixed-point theorem, is 
violated. This iteration fails more frequently in some regions of the world than in others, 
leading to regionally varying uncertainty and global biases in the estimated carbon and 
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water fluxes. Further, an artificial constraint to the water vapor pressure of canopy air 
was applied in CLM in its calculations of photosynthesis and stomatal conductance, 
which are shown to bias GPP and transpiration simulations. I designed a Newton-
Raphson iteration scheme to replace the fixed-point approach and show that this new 
approach can ensure convergence, does not require an artificial constraint on the 
atmospheric water vapor pressure, and is computationally efficient. Finally, I estimate the 
global and regional bias arising from this numerical error and suggest replacement of the 
current fixed-point treatment in CLM, e.g., Newton-Raphson approach, and removal of 
the artificial constraint on the atmospheric water vapor pressure. To my knowledge, the 
CLM working group has a plan to adopt my recommendations in their future release of 
CLM model versions. 
Chapter 6 presents a case study on the dynamic impact of a disturbance, the 
massive 2008 Chinese ice storm, by integrating a quantitative modeling framework, 
satellite observations of forest greenness, and ground measurements. I find that the 
greenness of forests rebounded surprisingly fast after the storm and that higher pre-storm 
vegetation growth corresponded to slower rebound of post-storm greenness. In particular, 
rebound of greenness was slowest in forests that were moderately impacted by the storm, 
resulting in a nonlinear relationship between greenness rebound time and the impact 
severity by the storm. Ground investigation revealed that the overall quick rebound of 
greenness is a consequence of resprouting of physically damaged trees and regrowth of 
understory vegetation. These biotic mechanisms also benefited from favorable post-storm 
environmental conditions, e.g., high temperature and sufficient moisture. The 
counterintuitive non-linear pattern between greenness rebound time and the storm impact 
severity was most likely attributable to the salvage logging, which may have selectively 
targeted lightly to moderately impacted forests due to their higher economic values and 
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accessibility. The salvage logging adversely affected the greenness rebound of the 
damaged forests. Although gap-phase dynamics could have played a role in the faster 
rebound of severe damaged vegetation, it cannot explain the initial increase of the 
rebound time needed against the impact severity. This study demonstrates the integrated 
effects of large disturbance events and human intervention on forest ecosystems, which 
are often ignored in disturbance research. The framework developed can serve as the 
benchmark to objectively determine and quantify the dynamic impact of disturbances and 
help attribute the consequences to natural and anthropogenic factors. 
7.2. FUTURE RESEARCH DIRECTIONS 
Although I believe I have answered many scientific questions, more questions 
have been raised in nearly all segments of my dissertation research. With regards to 
studies on mesophyll conductance, I employ a simple modeling framework to represent 
the dependence of gm on leaf traits and environmental conditions to obtain reliability for 
global simulations. However, more areas need to be explored, including: 
1. Modeling of mesophyll conductance can be further improved in multiple ways. 
First, environmental modifiers in addition to temperature and moisture, e.g., 
salinity, ozone, seem also critical to regulate the magnitude of mesophyll 
conductance, but are not included in the current formulation. This is because these 
environmental influences have been much less quantified in process-based 
studies. Further refinement of the gm model can be done as new advances in field 
studies emerge. Second, gm not only responds to short-term variation but also 
acclimates to long-term changes of climate, in particular, temperature. The effect 
of the former has been embedded in the temperature response function in the gm 
model; yet the latter is not accounted for. It is interesting to perform some 
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sensitivity tests to examine the long-term acclimation effect on gm. Third, the 
parameter recalibration in current research relies on an empirical conversion 
function, though reasonable, it is an indirect way to formulate. More analyses can 
be done to link the “true” photosynthetic parameters, especially, Vcmax, to leaf 
traits, and thus to improve the linkage to carbon models. 
2. Model validations are performed at a global scale, with statistical up-scaled flux 
measurements. More validation work is desirable at individual flux sites, with 
site-specific meteorological forcings. In this regard, photosynthetic parameters 
need to be finely tuned to accommodate to ecosystem specifics at each site. 
3. Studies using flux data have found that mesophyll conductance imposes stronger 
limitations on productivity under drought stress. This arises from the regulation 
by soil moisture of the magnitude of mesophyll conductance. Mesophyll 
conductance can also modify water use efficiency to influence productivity 
(Keenan et al. 2010a). However, it is not clear whether models can do a 
reasonable job to simulate drought-induced reduction of GPP if mesophyll 
conductance is explicitly considered. This is an interesting direction to further 
pursue. 
4. The ultimate objective of the mesophyll study is to determine to what extent it can 
influence the carbon sink strength and hence the atmospheric CO2 concentration. 
Current Community Earth System Model (CESM) used in IPCC AR5 is found to 
underestimate the historical CO2 trend by the same magnitude as to what I found 
in Chapter 4 (Hoffman, personal communication). I will perform fully coupled 
Earth System Model simulations with ocean, atmosphere, and sea-ice module all 
active, and with gm considered, to test if this model can improve the simulation of 
the historical trend of atmospheric CO2. A related question is whether the model 
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with gm can simulate a reasonable seasonal cycle of atmospheric CO2 if gm is 
explicitly considered, the magnitude of which is currently underestimated. A 
further intriguing issue is can gm influence carbon storage simulations in the 
future and if so, by how much? And also can mesophyll conductance modify 
carbon-climate feedbacks, regionally and globally? 
In terms of the disturbance study, only one case study was conducted and more 
disturbance events can be applied to the conceptual framework to test its applicability and 
effectiveness. More promising research that can be done along this direction is: 
1. I will incorporate this framework into CLM, to simulate the accumulated effects 
of historical disturbances on ecosystems. At present, only fires are dynamically 
simulated in the general framework of CLM, but representation of other 
disturbance agents is lacking. This is on the one hand, due to relatively smaller 
impacts and longer return frequency of other types of disturbance, and on the 
other, to highly diverse features of different events and hence it is infeasible to 
generically represent all of them. The framework developed in this dissertation is 
a unified approach, which can potentially be applied to various types of extreme 
events and disturbances and hence integrated into large-scale carbon models. The 
global effect of occurrence of individual disturbance may be minor, but the 
accumulated impacts over history may account for a large portion of CO2 
emission into atmosphere. Given the high possibility of more frequent 
occurrences of disturbances and extremes in the future, this framework can 
provide a benchmark for predicting dynamical impacts of disturbance. 
2. Another interesting direction to explore is to develop historical disturbance 
indices using a modeling framework. Satellite products provide long-term, high-
resolution observations for land, including vegetation indices, land cover change, 
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and albedo, etc. These are proxies of disturbance legacy and thus capable of 
capturing infrequently occurring and diverse episodes of disturbance. These 
dataset can be individually or jointly applied into the generic framework to 
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